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The Internet has been widely adopted for product information search. We have 
substantial understanding that the availability of the low-cost price information on 
the Internet can increase the consumer’s price sensitivity and drive down the 
market price. However, we lack the general view of how the use of the Internet, 
especially the search for non-price information, would affect consumer choice. 
Therefore, we extend the extant literature to investigate the impact of the online 
information search on consumer choice decision, especially the consideration set 
formation decision. We also examine the heterogeneity in the websites in terms of 
the types of information they deliver and how the difference would have distinct 
effects on the individual consideration and choice decision.  
We apply the multivariate Probit model to model consumer’s consideration 
decision. The empirical evidences we find from the JD Power New Vehicle 
Shopping Survey data show that a) the use of the Internet to search for vehicle 
information leads to more diversified consideration set; c) the diversification of 
the consideration set due to the Internet use is because of the increase in 
considering unfamiliar vehicle categories and models; c) the Internet is not 
homogeneous in terms of its influence on the consideration decision.  
The literature has a lot of discussion on how the low-cost online price 
information can influence consumer choice. We further the research in the area by 
 vi 
examining the influence of both online price and non-price information on 
consumer’s consideration and choice decision. We also differentiate the effects of 
different types of websites. The proposed 3-stage choice decision model also 
contributes to the choice model literature by explicitly modeling a consumer’s 
decision to search for search attributes and experience attributes.  
 vii 
List of Tables 
 
Table 2.1 Marketing Literature on Internet Impact……………………………..22 
Table 4.1 Segment of Replaced, Considered and Purchased Vehicles …………56 
Table 4.2 Vehicle Models in the Luxury Car Segment………………………….57 
Table 4.3 Internet Use for Automotive Information Search – Total Replacement 
Sample ………………………………………………………………………….58 
Table 4.4 Internet Use for Automotive Information Search – Luxury Car Only 
Sample…………………………………………………………………………..58 
Table 4.5 Statistics on Consumer Demographics – Total Replacement Sample..59 
Table 4.6 Statistics on Consumer Demographics – Luxury Car Sample………..59 
Table 4.7 Consideration Set Size………………………………………………..62 
Table 4.8 C-Set Composition Comparison I – Auto Internet User vs. Non-User 
(Luxury Car Only Sample) ………………………………………………..……63 
Table 4.9 C-Set Composition Comparison II – Independent vs. Manufacturer Site 
(Luxury Car Only Sample)…………………………………………………...…65  
Table 4.10 Vehicle Attribute Summary Statistics……………………………….67  
Table 5.1 Rotated Factor Loadings for Vehicle Shopping Characteristics……...74  
Table 5.2 Competing Models – Decision Structure……………..………………77 
Table 5.3 Consideration Set Component Hit Rate – Decision Structure Models.78 
Table 5.4 Choice Hit Rate – Decision Structure Models..…………….………...78 
Table 5.5 Competing Models – Internet vs. No Internet………………………...80 
Table 5.6 Consideration Set Component Hit Rate – Internet vs. No Internet 
Models…………………………………………………………………………...80 
Table 5.7 Choice Hit Rate – Internet vs. No Internet Models…………………...80 
 viii 
List of Figures 
 
Figure 2.1 The Internet-Related Choice Decision Structure................................. 21 
Figure 3.1: Mechanism for Drawing Category and Model Consideration Latent 
Utilities.................................................................................................................. 52 
Figure 5.1: Average C-Set Entropy Values for Different Internet Usage Scenarios
............................................................................................................................... 91 
Figure 5.2: Number of Categories Considered for Different Internet Usage 
Scenarios ............................................................................................................... 92 
Figure 5.3: Consideration Probability of Vehicle Categories for Different Internet 
Usage Scenarios .................................................................................................... 93 
Figure 5.4: Consideration Probability of Vehicle Categories among American Car 
Replacements ........................................................................................................ 95 
Figure 5.5: Consideration Probability of Vehicle Categories among European Car 
Replacements ........................................................................................................ 95 
Figure 5.6: Consideration Probability of Vehicle Categories among Asian Car 
Replacements ........................................................................................................ 95 
Figure 5.7: Average C-Set Entropy Values for Different Independent Site Visit 
Scenarios ............................................................................................................... 96 
Figure 5.8: Share of Vehicle Models from Different Categories for Manufacturer 
Site Visit Scenarios ............................................................................................... 97 
 
 ix 
List of Symbols 
 
i   denotes an individual consumer 
m   denotes a vehicle category, 1, ,m M= …  




iC   is consumer i ’s category consideration set 
1
imc  is an indicator of consumer i ’s consideration of category m  (equals to 
1 if category m  is considered, and 0 otherwise) 
1*
imc  is the perceived net utility of considering category m  by consumer i  
1*
imUtility  is the perceived utility of considering category m  by consumer i  
1*
imCost  is the perceived cost of considering category m  by consumer i  
mI  is a vector of category-specific dummies 
1
mX  is a vector of attribute values of category m  
1
imCost  is a vector of explanatory variables which affect perceived consideration 
cost 
γ  is a vector of category-specific constant term parameters 
iγ  is a vector of category-specific constant term parameters for consumer i  
β   is a vector of attribute preference parameters 
iβ  is a vector of attribute preference parameters for consumer i  
ρ  is a vector of cost factor parameters 
iD  consumer i ’s demographics 
iZ  consumer i ’s shopping characteristics 
1
imε  multivariate-normal distributed variables at category consideration stage 
 x 




iC   is consumer i ’s alternative consideration set 
2
ijc  is an indicator of consumer i ’s consideration of alternative j  (equals 
to 1 if alternative j  is considered, and 0 otherwise) 
2*
ijc  is the perceived net utility of considering alternative j  by consumer i  
1
( )im jc  is an indicator of consumer i ’s consideration of category m  which 
alternative j  belongs to (equals to 1 if category m  is considered, and 
0 otherwise) 
2*
ijUtility  is the perceived utility of considering alternative j  by consumer i  
2*
ijCost  is the perceived cost of considering alternative j  by consumer i  
jI  is a vector of alternative-specific dummies 
2
ijX  is a vector of attribute values of alternative j  perceived by consumer i  
2
ijCost  is a vector of explanatory variables which affect perceived consideration 
cost 
iλ  is a vector of alternative-specific constant term parameters for consumer 
i  
iβ  is a vector of attribute preference parameters for consumer i  
κ  is a vector of cost factor parameters 
2
ijε  multivariate-normal distributed variables at alternative consideration 
stage 
2Σ  covariance of random disturbance term 2ijε  
 
Choice 
ijy   is an indicator of consumer i ’s choice 
iju  is the net utility of choosing alternative j  by consumer i  
 xi 
3
ijX  is a vector of attribute values of alternative j  perceived by consumer i  
3
ijε  is independent normally distributed variables at choice stage 
3Σ  covariance of random disturbance term 3ijε  
 
Drawing Algorithm 
Θ  a set of utility and cost variable estimates 
Ψ  a complete set of model estimates 











Chapter 1: Introduction  
 
The Internet has been expanding rapidly in the past decade and has been widely 
adopted by consumers as one of the media for shopping. In 1997, 2001, and 2003, 
the Current Population Survey (CPS) conducted by the U.S. Census Bureau 
included a section on computer ownership and Internet use. According to the 1997 
survey, among the population aged 18 and above the penetration rate for the 
Internet was 22.1%. This jumped to 55.3% in 2001 and further increased to 59.5% 
in 2003. The latest estimate of the number of Internet users in the U.S., given by 
Internet World Stats in June 2007 (InternetWorldStats.com), was 209 million, with 
a penetration rate of 69.2%. In addition to the large increase in the number of 
adopters, increasing numbers of Internet users carry out purchase-related 
activities online. The CPS survey results show that 74.8% and 78.1% of adult 
Internet users browsed the Internet for information on products and services in 
2001 and 2003, respectively. In both years, finding information on products and 
services was the second most mentioned purpose of Internet use, slightly behind 
e-mails. What’s more, the Internet is not only used as an information source, but 
also as a transaction platform, with more consumers making purchases online. In 
2003, 54.2% of adult Internet users purchased products or services online, up 
from 46.0% in 2001 (U.S. Census Bureau, 1997, 2001, 2003).  
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The proliferation of the Internet and the availability of online products and 
services have had a huge impact on consumer choice behavior. Purchase behavior 
has changed completely due to the distinctive features of online retailers, as 
compared with bricks-and-mortar shops. For example, instead of going to music 
stores and looking for newly released albums, consumers can order CDs online 
and have them delivered to their homes. Another feature of the Internet is that it 
allows consumers to listen to song samples online and then pay only to download 
the few they like. This represents a fundamental change in consumer choice 
behavior, because songs are now purchased in individual units rather than in 
bundles. Moreover, an online music store can carry a huge and searchable 
catalogue of digital music. Music fans can now easily locate the music produced 
by their favorite, but not mainstream, bands, whose albums are often not available 
in neighborhood record stores. This is another factor that makes the Internet more 
attractive than traditional music stores (Corckett 1999).  
The Internet has also changed the industry competition structure. Since its début 
in the mid 90’s, the Internet has reshaped the business model of many industries. 
Long-established companies have had to accept the fact that their rival start-ups 
have grown into multi-million dollar businesses within years or even months, a 
speed never before observed in the history of industry. For example, in the service 
sector, the travel industry was one of the first to use – and is by far the most 
deeply influenced by – the Internet. According to the 2002 Service Annual Survey 
conducted by the U.S. Census Bureau, nearly a quarter (24.1%) of total sales in 
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the travel industry came from online transactions in 2002 (Dinlersoz and 
Hernández-Murillo 2005). The transaction costs for travel reservations are much 
lower online than offline, and travel agents “have lost at least 10% to 15% of sales 
to the Internet over the past [few] years” (Hof, McWilliams and Saveri 1998). 
The quick emergence of the Internet and its increasing influence on consumer 
choice behavior and industry competition have attracted researchers in the 
marketing field to study the Internet and its impact. Yet, most of this research 
focuses on consumer online price-search behavior and changes in price 
competition among retailers due to Internet searches (e.g. Chen, Iyer and 
Padmanabhan 2002; Iyer and Pazgal 2003; Lynch and Ariely 2000; Scott Morton, 
Zettelmeyer and Silva-Risso 2001; Zettlemeyer, Scott Morton and Silva-Risso 
2006). There is very limited discussion of how online searches, for both price and 
quality information, alter a consumer’s consideration and choice of various brands 
and alternatives (with the exception of Wu and Rangaswamy 2003). Also, few 
studies examine the profound impact that Internet use has had on manufacturer 
competition. 
Because consumer choice is a multi-stage process, to achieve a better 
understanding of the Internet’s impact on it, this thesis focuses on how an Internet 
search, particularly an online search for non-price information, changes a 
consumer’s consideration and choice decision. To analyze the research questions, 
J.D. Power 2001 New Vehicle Shopper Survey data are applied to the empirical 
analyses. These data record respondents’ Internet use behavior and the 
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consideration and choice outcomes of their new vehicle shopping. The key 
research questions and their contribution to the literature are as follows. 
1. How will the low-cost information that is acquired from the Internet influence 
the consumer consideration decision in terms of consideration set size and 
similarity among the components in the consideration set?  
An examination of the Internet’s impact on the consideration decision is in 
response to calls for research on the “shape” of consideration set, that is, 
whether similar or dissimilar components tend to appear together in a 
consideration set and under what conditions (Roberts and Nedungadi 1995; 
Roberts and Lattin 1997). It is important to investigate the factors that reshape 
consideration set composition, because any changes that occur at the 
consideration stage will be passed on to all of the subsequent choice decisions. 
This is a worthwhile attempt to study consumer Internet use and search 
behavior on the “shape” of consideration set.  
Very little work has been done on the influence of Internet use on a 
consumer’s consideration formation. The only exception is Wu and 
Rangaswamy (2003). They examine the way in which the use of two online 
search functions, sorting and forming personal lists, affect the perceived 
uncertainty in consideration utility. However, the limited number of online 
search functions and grocery shopping samples restrict the generalizability of 
their estimation results for an analysis of industry competition. 
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2. Do the large numbers of Web sites have a homogeneous effect on consumer 
consideration and choice decisions? Increasing numbers of Web sites provide 
a massive amount of information on product price and quality, and many of 
these sites specialize in only one product category. Previous literature 
differentiates the content of the information (price versus quality) and the 
distinct roles that these play in competition among retailers (Lynch and Ariely, 
2000). This thesis clearly demonstrates that heterogeneity in another 
dimension of product information, that is, information format, can have varied 
effects on the consideration of different groups of automobile vehicles.  
3. How will changes in consumer consideration and choice behavior further 
influence the competition structure of the automobile industry? The marketing 
literature emphasizes the influence of the Internet on price competition among 
retailers. Most of these studies put forward the argument that the Internet will 
introduce intensive price competition among retailers (Chen, Iyer, and 
Padmanabhan, 2002; Iyer and Pazgal, 2003) or that there are situations in 
which the Internet will reduce price competition (Lal and Sarvary, 1999; 
Lynch and Ariely, 2000). This thesis takes a different approach by modeling 
individual consumer’s choice decision and examines the Internet’s impact on 
the competition structure of manufacturers at both the consumer consideration 
and choice stages to provide a new and interesting argument about trends in 
the automobile industry.  
The rest of this thesis is arranged as follows. Chapter 2 briefly reviews the 
 6 
literature on the consumer consideration and choice decision and that on 
information searches and Internet use. Chapter 3 develops the model and 
discusses model identification and estimation issues. Chapter 4 describes the data 
used for model calibration, and Chapter 5 presents the empirical results, key 
findings, and managerial implications. Chapter 6 provides a summary and a 




Chapter 2: Literature Review  
 
This research focuses on how online product information affects the consumer 
consideration and choice decision in automobile purchases. This chapter reviews 
the literature on the choice model and research on Internet use and its influence 
on the consumer choice decision and market structure.   
2.1 Consumer Choice 
Consumers make brand choices according to the rule of utility maximization: that 
is, they select the brand with the highest utility. Based on the utility maximization 
rule, Guadagni and Little (1983) empirically calibrate a brand choice model on 
scanner panel data that is able to deduce a consumer’s price sensitivity and loyalty 
parameters from the observed choice outcome. For simplicity, they assume that 
unobservable utility factors follow the extreme value distribution that produces 
the Logit choice model. Although the Logit setting provides close-form 
formulation of choice probability, it also suffers from the IIA (independence from 
irrelevant alternatives) problem (Debreu, 1960). To overcome the IIA restriction, 
researchers began to analyze consumer brand choice by building models with a 
more flexible variance structure, and the often-used model specification is to 
assume that the utility errors follow multivariate normal distribution (Kamakura 
and Srivastava 1984; Papatla and Krishnamurthi 1992; Chintagunta 1992). The 
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non-zero covariance elements are able to capture the correlations in the 
unobserved factors among the choice alternatives. 
Fader and Hardie (1996) advance the choice model literature by decomposing the 
alternative utility into consumer preferences for various product attributes. The 
utility of a choice alternative then depends on the alternative’s attribute values and 
the importance that a consumer allocates to its various attributes. The construct of 
utility from the weighted addition of product attributes makes the model 
parsimonious and hence applicable to the analysis of choice decision scenarios 
with large numbers of alternatives. By comparing the attribute similarity among 
new and incumbent brands, the model also improves the prediction of market 
share change due to new brand entry.  
To capture consumer heterogeneity in price sensitivity and attribute preference, 
researchers either assume that the model coefficients are segment-specific (Fader 
and Hardie 1996; Gupta and Chintagunta 1994; Kamakura and Russell 1989) or 
that they are randomly distributed across the population (Chintagunta, Jain and 
Vilcassim 1991). The empirical results show that choice models that incorporate 
consumer heterogeneity perform better than those that do not (Fader and Hardie 
1996; Kamakura and Russell, 1989). Moreover, preference for brand attributes is 
not only individual-specific, but also situation-specific. Yang, Allenby and Fennell 
(2002) show that a consumer’s brand preferences may change according to the 
consumption occasion.  
 9 
The choice models we have just reviewed are one-stage models. One-stage choice 
models assume that consumers have the complete attribute information of all of 
the alternatives in the market. Consequently, information search activity and 
information acquisition cost are not relevant to the choice decision. One-stage 
choice models also assume that consumers have unlimited cognitive resources 
and are able to process all of the product information before they make their 
choice decisions. However, neither the complete prior knowledge nor the 
unlimited processing capability assumption is realistic. Two-stage choice models 
with consideration set formation as the pre-choice stage provide a solution to the 
above-mentioned limitations of one-stage choice models. 
2.2 Consideration Set  
A consideration set is the set of alternatives that are considered immediately prior 
to choice and consist of goal-satisfying alternatives that are salient or accessible 
on a particular purchase occasion (Shocker et al. 1991; Andrews and Srinivasan 
1995).  
The empirical research demonstrates that the two-stage choice model with both 
consideration and choice phases is superior to the one-stage choice-only model in 
terms of model fitting and the unbiased estimation of the model parameters. First, 
the two-stage model performs better than the one-stage model in terms of model 
fitting. Roberts and Lattin (1991) empirically compare a two-stage model that 
incorporates a consideration set formation stage with two one-stage models 
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(consideration only and choice only). They obtain laboratory data with 
self-reported consideration and choice for ready-to-eat cereals. The validity test 
shows that the proposed two-stage model performs better than the two one-stage 
models in market share prediction. Subsequently, Andrews and Srinivasan (1995) 
confirm the improvement in the goodness-of-fit of the two-stage model over that 
of the one-stage model with scanner panel data from yogurt purchases.  
Second, the omission of a consideration set can lead to biased estimation of the 
marketing mix effect on consumer choice decisions. Because consumers only 
respond to price variations in the alternatives in the consideration set, rather than 
in the universal set, price sensitivity estimates would be biased if the model does 
not include consideration set formation as an intermediate step of the consumer 
choice decision (Bronnenberg and Vanhonacker 1996). Chiang, Chib and 
Narasimhan (1999) demonstrate that the loyalty and brand constants would be 
overestimated, and the parameters of the marketing mix variables underestimated, 
if the two-stage decision process is modeled as a one-stage process. They also 
find that consumer heterogeneity in brand and attribute preference is smaller after 
controlling for it in the consideration set component. The consideration set is also 
essential to obtain an unbiased evaluation of the impact of new product 
introduction on the choice of incumbent brands (Jedidi, Kohli and DeSarbo 1996).  
As they do when making a choice decision, consumers also make a consideration 
decision according to the utility maximization rule. Hauser and Wernerfelt (1990) 
introduce a utility-cost framework to model the consideration decision. A 
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consumer includes an alternative into a consideration set if the expected utility of 
considering this alternative is larger than the expected cost of searching for and 
evaluating it. The consideration utility depends on the brand attribute performance 
(Roberts and Lattin 1991) and the consumer’s uncertainty of the attribute values 
(Mehta, Rajiv and Srinivasan 2003; Wu and Rangaswamy, 2003). In addition to 
product attributes, the marketing mix, such as promotions, features, and displays, 
may also affect the perceived consideration utility (Andrews and Srinivasan 1995; 
Nierop et al 2004). On the cost side, a consumer faces both information search 
and evaluation costs. The individual factors that can explain consumer 
heterogeneity in search and evaluation costs include income, age, and education 
(Ratchford, Lee and Talukdar 2003), and a consumer with lower search and 
evaluation costs can afford to consider more alternatives (Hauser and Wernerfelt 
1990). Consumer motives for constructing a consideration set is to justify the 
costly information search activities, their limited information processing 
capability, or both.  
The first motive for forming a consideration set is to save information search cost. 
For consumers who do not have complete product attribute information, the ways 
to collect that information include learning from their own personal consumption 
history (Nelson 1970) or conducting an external search. This accumulated 
information is useful to reduce the perceived uncertainty in product quality 
(Erdem and Keane 1996; Meyer 1982; Roberts and Urban 1988) and/or retail 
price (Mehta, Rajiv and Srinivasan 2003; Stigler 1961). Although knowledge of 
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product performance is critical for a consumer to form an evaluation and make a 
choice decision, the high acquisition cost of product information determines that 
it is not optimal for a consumer to search all of the available alternatives in the 
market (Stigler 1961; Moorthy, Ratchford and Talukdar 1997).  
Stigler (1961) demonstrates that there are an optimal number of retailers to be 
searched for price information. The stopping point of the search activities depends 
on a comparison of the search cost and the marginal returns from the search. 
Metha, Rajiv and Srinivasan (2003) examine the relationship between consumer 
information search activities and the consideration decision. Their model assumes 
that the consumer learns about product quality through the consumption 
experience but searches for price information at retail stores on each purchase 
occasion. The set of alternatives for which the consumer decides to search retail 
prices is defined as the consideration set. In this model, the dispersion of market 
prices influences the expected search utility, and the accessibility of the price 
information affects the search cost. The size of a consideration set is larger when 
the expected search utility is higher and the search cost is lower. Other empirical 
studies also confirm that the total number of searches is larger when the search 
cost is lower or the search efficacy is higher (e.g. Moorthy, Ratchford and Talukda 
1997). 
Information search cost involved in the information search would restrain the 
number of alternatives searched and considered. The other reason to restrict the 
number of brands considered is the high information processing cost. After 
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searching for product information, a consumer has to process the incoming 
information and evaluate the various alternatives. This high evaluation cost thus 
limits the number of alternatives a consumer wants to consider. 
Consumers have limited cognitive capability to evaluate a large set of alternatives 
when making a choice decision (Bettman 1979; Cowan 1988). To overcome this 
limitation in cognitive capacity, a consumer applies low-cost heuristics to 
eliminate certain alternatives at the early stage and to form a consideration set 
with a manageable number of alternatives (Bettman, Luce and Payne 1998). The 
cognitive cost increases with the number of alternatives and attributes to process 
(Bettman, Johnson and Payne 1991) and decreases with the perceived 
comparability of the alternatives along the product attributes (Chakravarti and 
Janiszewski 2003) and the situational accessibility of the brand and attribute 
information (Nedungadi 1990). A consumer has to make a trade-off between 
comparison cost and choice accuracy, because, in general, the consideration 
heuristic that results in higher choice decision accuracy also requires a higher 
evaluation cost (Shugan 1980). 
Empirically, it is not easy to separate the evaluation cost from the search cost in 
terms of their effects on the consumer consideration decision, as these two often 
act together and move the results in the same direction. Without a direct measure 
of the consumer’s expected search and evaluation costs, it is difficult to identify 
the influence of each in the consideration decision. Therefore, most of the 
two-stage choice models construct a total consideration cost, rather than 
 14 
independent information search and evaluation costs, in the decision model (e.g. 
Andrews and Srinivasan 1995, Roberts and Lattin 1991). With the help of data 
collected from conjoint experiments, there are a few exceptional cases that 
explicitly test the relationship between the evaluation cost and the consideration 
decision (e.g. Gilbride and Allenby 2004, Jedidi, Kohli and DeSarbo 1996). A 
conjoint study is able to separate the effects of the evaluation cost from those of 
the search cost because the experiments are usually designed to disclose the 
product information to the respondents at no cost. This is the perfect setting to 
remove the effects of the information search cost. The findings of these studies 
show that consumers limit their considered alternatives before their final choice 
decision, which provides evidence on how the information processing cost can 
affect the consideration decision.  
In our model, the consideration set is defined as the set of product subcategories 
or alternatives that a consumer decides to search and process prior to a choice. 
Therefore, both the information search and the information processing costs will 
take effect at the consideration stage, with the information search cost taking 
effect at an earlier stage than the information processing cost. Moreover, the way 
in which the format of the searched information affects the information 
processing cost and further influences the consideration decision is also 
examined.  
Different from the price search defined in Metha, Rajiv and Srinivasan (2003), the 
search decision in our model covers the search needs for both the price and 
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non-price attributes of the alternatives in the consideration set. Metha, Rajiv and 
Srinivasan (2003) empirically analyze panel grocery shopping behavior, whereas 
here we investigate a consumer’s purchase decision regarding a new automobile. 
It is important to include external search for quality information in the model, 
because, although a consumer is more likely to acquire product quality 
information through personal consumption when shopping for frequently 
purchased goods (Nelson 1980; Urban, Hauser and Roberts 1990), the external 
search for both quality and price information is of high importance in the 
purchase of durable goods. Durable goods have low purchase frequency, which 
limits the opportunities to learn about product quality through repetitive 
consumption. Also, the unpleasant consequences will last for longer if a consumer 
makes the wrong decision when purchasing durable goods. As a result, consumers 
are willing to spend more time and effort conducting an external search before 
making a purchase decision about durable goods. For some consumers, the 
external search for vehicle information can start as early as six months before they 
make a final purchase (J.D. Power 2001).  
From a test in a laboratory setting, Hauser, Urban and Weinberg (1993) find that 
external information can change a consumer’s purchase intention. In their 
experiment, respondents were given free access to various information channels. 
They could search any channels for quality information about one vehicle model 
in which they had expressed a purchase interest. After examining each information 
channel, the respondents were allowed to adjust their rating of their purchase 
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intention. One interesting finding was that the information search behavior 
changed the ratings for the two tested vehicle models in different directions and 
magnitudes, which implies that an information search plays a significant role in a 
consumer’s purchase decision and that the effect can be asymmetric among 
competing brands.  
The channels that are often used for a vehicle information search include 
magazines and newspapers, word of mouth, the Internet, and dealer visits. Of these 
information channels, the Internet has become increasingly popular over the past 
decade. According to the J.D. Power New Vehicle Shopping Survey (J.D. Power 
and Associates), 64% of buyers used the Internet to search for vehicle information 
when shopping for their new vehicles in 2004, a huge increase from 10% in 1996.  
2.3 Internet Use and Its Impact on Consumer Consideration and Choice 
The proliferation of Internet access, the ubiquity of online product information, 
and the success of e-Commerce has attracted a lot of researchers in the marketing 
and economics fields to look at the impact of the Internet on consumer 
information searches (Klein and Ford, 2003; Ratchford, Lee and Talukdar, 2003), 
retail prices and retailer profits (Chen, Iyer and Padmanabhan 2002; Iyer and 
Pazgal 2003; Lee and Grewal 2004; ScottMorton, Zettelmeyer and Silva-Risso 
2001; Zettelmeyer, ScottMorton and Silva-Risso 2003), consumer choice 
decisions (Degeratu, Rangaswamy and Wu 2000; Lal and Sarvary 1999; Lynch 
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and Ariely 2000), and product differentiation and firm profits (Kuksov, 2004; Lee 
and Grewal, 2004). 
The low cost of using the Internet has changed the information search behavior of 
consumers, who are shifting their search efforts from offline channels to online 
sites (Klein and Ford 2003; Ratchford Lee and Talukdar 2003). Ratchford et al. 
(2003) examine the substitution effects between the use of the Internet and 
traditional channels in searching for automobile information. They find that, 
benefiting from its relatively low cost, the Internet has taken a significant 
proportion of search time away from offline channels. The amount of time spent 
on an online search versus an offline search depends on the relative search costs 
of using different channels, which can vary across consumers. The use of the 
Internet for information searches increases with the number of years of experience 
with it and the level of proficiency in using it (Klein and Ford 2003).  
The accessibility of online price information can change a consumer’s price 
sensitivity and intensify price competition among online retailers (Iyer and Pazgal 
2003). Compared with traditional information channels, the Internet possesses the 
unique feature of removing the physical transportation costs involved in 
information collection. For example, instead of visiting multiple retail stores to 
search for product prices, consumers can acquire the information with a few 
clicks of the mouse. The shopbots sites and other third-party comparison search 
engines further intensify price competition among online retailers (Iyer and 
Pazgal 2003).  
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The Internet’s impact on price competition can penetrate businesses with purely 
offline sales. Brown and Goolsbee (2002) find that third-party Web sites that 
provide collective information on competitors’ products and prices significantly 
reduce the average market price of term life insurance in offline sales. The 
demographic groups that adopt the Internet and search for online insurance 
information enjoy a larger price reduction in their term life insurance than those 
who do not. This pattern did not exist before the emergence of price comparison 
Web sites, and neither is it observed with other insurance products that do not 
have cross-company comparison Web sites. Brown and Goolsbee’s (2002) work 
presents evidence that the lower search costs of the Internet can affect prices in 
offline companies and that the price savings not only come from consumers 
switching to low-price operators, but also from companies undercutting each 
other due to the heated-up competition.  
In the automobile industry, Internet referral services affect the sales prices of 
offline auto dealers. Online referral service providers refer customers to the auto 
dealers that have signed up with them based on service territory and price quotes. 
The introduction of these services to the industry has increased consumer price 
sensitivity and led to more intensive price competition among dealers. As a result, 
consumers enjoy lower prices by using online referral services (Chen, Iyer and 
Padmanabhan 2002). A few empirical studies coauthored by Scott Morton et al. 
(2001) and Zettelmeyer, Scott Morton and Silva-Risso (2002, 2003) consider the 
price-saving benefits of using online referral services for car purchases. They find 
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that the average savings for buyers using Autobytel.com, one of the major Internet 
referral service providers, is 1% to 2.2% of the vehicle’s retail price. One fourth 
of the price reduction comes from consumers switching to lower cost dealers and 
three fourths from more attractive bargains being found by online customers than 
by offline customers of the same dealer. Auto dealers may acquire some new 
customers from these referral services, but unfortunately they may also find that 
they end up with a thinner profit margin from the referred sales.  
The studies reviewed so far show how the availability of low-cost online price 
information lowers the prices of both online and offline businesses. Other studies, 
however, show that the Internet may not necessarily reduce prices and thin profits.  
Firms can strategically direct consumer attention to the non-price information on 
the Internet. By doing so, they can expect effects different from those of 
price-focused online information on consumer price sensitivity and choice 
decisions (Lal and Sarvary 1999; Lynch and Ariely 2000; Wu and Rangaswamy 
2003). The Internet intensifies price competition among less differentiated 
products, for example, commodity goods and the same product sold at different 
outlets. To find a solution that avoids head-to-head price competition, Lynch and 
Ariely (2000) discuss a scenario in which an online retailer is able to charge 
higher prices by differentiating its collection of wine brands from that of 
competing retailers. Unique brand names help to highlight the quality information 
of a product and discourage price comparisons. Moving from the retailer to a 
manufacturing setting, Kuksov (2004) proves that firms can adopt the product 
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differentiation strategy to alleviate the pressure on prices that is caused by 
low-cost online information. It is likely that the level of product differentiation is 
so high that the market price rises and consumer welfare shrinks in the long run. 
Lal and Sarvary (1999) bring forward an alternative explanation for reduced price 
competition in the online environment. They introduce digital versus non-digital 
attributes to differentiate online attribute information availability. Information on 
a digital attribute can be collected online, whereas a non-digital attribute can only 
be evaluated through physical inspection or the usage experience. For product 
categories that comprise both digital and non-digital attributes, there are certain 
conditions under which consumers would skip the examination of non-digital 
attributes at offline outlets and simply purchase familiar brands from online stores. 
The Internet thus plays a role in enhancing consumer loyalty and cooling down 
price competition.  
Because this thesis focuses on the way in which Internet use affects choice and 
industry competition, the literature that studies the Internet and its impact on 
consumer choice is summarized in Figure 2.1 and Table 2.1. However, one stream 
of research, that focuses exclusively on Internet browsing behavior and Web 
design issues but does not study their relationship to the consumer choice decision 
(eg. Bucklin and Sismeiro 2003; Sismeiro and Bucklin 2004; Telang, Boatwright, 
and Mukhopadhyay 2004), is ignored. Figure 2.1 plots the streams of research on 
Internet-related information searches and the consumer decision process. The 
dashed arrows and boxes indicate the research paths this study covers. Table 2.1 
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helps to position this thesis within the Internet study literature. The table clearly 
presents the imbalance of research efforts in the area. The first imbalance is that 
there are relatively few studies that explicitly model and study the Internet’s effect 
on consumer choice. Instead, more effort is placed on the direct analysis of the 
Internet’s impact on retailer and manufacturer competition. The second imbalance 
is that most of the work concentrates on online price information and its influence 
on price competition and ignores the effects of online quality information. The 
previous studies either restrict their objectives to Internet sites that only provide 
price information services (e.g. Chen et al. 2002, Scott Morton et al. 2001, 
Zettelmeyer et al. 2002) or assume that consumers collect complete quality 
information before they turn to the Internet for price information (e.g. Koksov 
2004). Few papers study the way in which non-price online information affects 
consumer choice and retailer and manufacturer competition. This thesis explicitly 
investigates non-price online information to help fill the gap in the literature. First, 
a three-stage model of consumer vehicle consideration and choice decision that is 
suitable to analyze the Internet’s effect at the individual level is built. Second, it is 
recognized that the Internet is not only a channel for price information, but that it 
also provides a lot of non-price information. The focus here is on the Internet’s 
influence on consumer consideration and choice, which covers both price and 
non-price competition.  
Insert Figure 2.1 here 
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Insert Table 2.1 here 
The only study in the literature that looks at the effect of an Internet information 
search on consumer consideration and choice is that by Wu and Rangaswamy 
(2003). They examine how the use of two online search functions, sorting and 
forming a personal list, can affect the consideration of liquid detergent by 
changing the perceived uncertainty of the consideration utility. They find that the 
use of these two functions induces different effects on the number of alternatives 
that are considered by the consumer. Nevertheless, given that the data is from just 
one online grocery store and the study examines only two search functions, the 
estimation results from their model are not suitable to be generalized for analysis 
of the Internet’s effect on industry competition. The data in this thesis are distinct 
in that they include information on all purchase-related Internet use and provide 
full coverage of a product line, which facilitates the investigation of the general 
impact of online information searches on consumer brand choice and industry 
competition.  
Another contribution of this study is that it categorizes automotive Web sites in 
terms of whether or not a site provides information on competing brands. 
Different types of Web sites can have different effects on consumer consideration 
and choice. In the automobile industry, independent third-party Web sites usually 
cover information on all of the major vehicle brands and models. Some sites also 
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provide tool kits for vehicle head-to-head comparisons on a few key attributes, 
which facilitates consumer information processing of multiple alternatives. In 
contrast, manufacturer Web sites may suppress the information processing of 
vehicles from competing manufacturers by highlighting the uniqueness of their 
own vehicle models. Therefore, the Internet channel itself is not a homogeneous 
source of information. The Internet literature does not empirically test the distinct 
effects of uniqueness-highlighting (manufacturer) and comparison-facilitating 
(independent) Web sites, but this study has found that different Internet sources 




Chapter 3: Models and Estimation 
 
There are two types of vehicle attributes that are important to the consumer choice 
decision. One is search attributes, information on which can be collected through 
an external search, and the other is experience attributes, information on which 
can only be collected through physical inspection and personal experience. The 
concept of search and experience attributes is similar to product search and 
experience quality discussed in Nelson (1970, 1974), in which the experience 
quality of a product is defined to be the quality learned from consumption 
experience. In the case of automobiles, a car’s specifications, such as engine size 
and miles per gallon, are search attributes that can be easily gleaned from 
secondary sources; however, comfort and wheel handling are experience 
attributes that have to be experienced through test driving. Given the nature of 
automobile attributes, this study specifies a two-stage consideration decision 
process that matches a consumer’s two-stage search decision for product search 
attributes and experience attributes, respectively. 
A consumer trims down the number of evaluated alternatives through a 
multiple-stage decision process according to the utility maximization rule. In the 
industry practice, vehicle segment and vehicle make are the most-often-used 
preliminary screening criteria, while country of origin is often perceived by 
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consumers as a strong indicator of certain car features, e.g. American Luxury cars 
perceived to have more comfort and luxury and Japanese Luxury cars exhibiting 
value and reliability (Rosecky and King 1996). Considering that vehicle segment 
and country of origin are the most common categorization variables from the 
view of both industry players and consumers, especially at the early stage of the 
choice decision, we put both at the top of vehicle shopping screening hierarchy 
which also serve as the starting point of searching for search attributes decision 
making. After the first stage of information search and vehicle screening, a 
consumer then goes and searches for more details in experience attributes. 
Accordingly, the consideration set is the set of vehicle categories or vehicle 
models that a consumer decides to search and evaluate prior to choice, with the 
first stage of consideration decision in which vehicle categories to be searched on 
the search attributes and the second stage in which vehicle modules to be 
examined on experience attributes. Section 13.1 briefly describes the consumer 
decision process and the model assumptions. Section 13.2 presents the detailed 
model formulation. Section 3.3 discusses model identification issues, and Section 
3.4 provides the detailed drawing algorithms used for the model estimation.  
3.1 Decision Process and Model Assumptions 
3.1.1 Conceptual description of the decision process 
1. A consumer has to invest time and effort to gather the necessary product 
attribute information. The channels that provide search attribute information 
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include newspapers, car magazines, and the Internet, whereas the channels 
for acquiring experience attribute information include dealer visits and, more 
importantly, test drives. Compared with search attributes, information on 
experience attributes is more costly to collect because dealer visits and test 
drives are more time-consuming than reading magazines or surfing the 
Internet. Given the difference in the search costs of the two types of vehicle 
attributes, a consumer’s search process would start with collecting 
information on the low-cost search attributes. Once the search attribute 
information has been collected, the consumer has enough information to 
assist him or her in narrowing the high-cost experience attribute search down 
to a few select alternatives. This two-step search and consideration decision 
well reflects the differences in the search costs of the various product 
attributes.  
2. The decision about which vehicle category or model to search is made by 
comparing the expected utility of considering a particular category or model 
versus the expected cost of searching and processing the information about 
that category or model. The expected consideration utility and search cost can 
vary across consumers.  
3. Internet use affects the consumer consideration decision through its influence 
on a consumer’s expected cost of searching and processing vehicle attribute 
information. Compared with traditional offline channels, the acquisition of 
search attribute information through the Internet is less costly. A consumer 
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who has access to the Internet and is familiar with automobile Web sites will 
expect a lower search cost for vehicle search attributes.  
4. A final choice is made from among the alternatives for which the consumer 
has searched and obtained complete information on both search and 
experience attributes. The consumer then processes all of the information that 
has been gained from the accumulated personal experience and search 
activities and finally chooses the alternative with the highest expected net 
utility.  
3.1.2 Model assumptions 
The decision process and model structure proposed here require a few 
assumptions, which are necessary to ensure that the model is empirically 
estimable. 
1. It is assumed that both search and experience attributes are critical to the 
consumer consideration and choice decision. That is, a consumer needs 
information on both types of attributes to evaluate and judge a vehicle.  
2. For both the vehicle category and model consideration decisions, it is 
assumed that a consumer follows the fixed-sample search rule. This means 
that consumers first decide which and how many alternatives they will 
examine based on their pre-evaluation of the expected utility and the 
expected search cost of each alternative, and then proceed to search for all of 
the alternatives they have decided to explore.  
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3. It is assumed that consumers are aware of all of the vehicle categories and 
models in the market, but lack knowledge about vehicle attribute values 
unless they have experience of using a vehicle model or conduct an external 
search for its relevant information. However, before consumers search for the 
necessary information about all of the vehicle models within a category, they 
have a reasonable judgment of the average performance of the vehicles in that 
category and realize that vehicle categories vary in their attribute 
values/performances. For example, although a consumer who drives an 
American car may not know the accurate attribute values of an Asian or 
European car, he or she would know that Asian cars are known for their fuel 
efficiency and European cars are given credit for their safety standards.  
Compared to the classical 1-stage and 2-stage choice modules, the proposed 
3-stage decision module allows more flexibility in consumer’s choice decision. 
The classic 1-stage and 2-stage choice decision imposes some basic assumptions 
which are relaxed in the proposed 3-stage model. A strong assumption implied in 
the classic 1-stage choice module is that consumers have complete information of 
all alternatives and are able to process all the information. The choice decision is 
to compare all alternatives and choose the one with the highest expected utility in 
a one-step decision process. 2-stage choice model allows a consumer either 
searches for limited number of alternatives based on utility maximization rule (e.g. 
Mehta, Rajiv and Srinivasan 2003) or applies simple cut-off rules to trim down 
the number of alternatives to be processed (e.g. Gilbride and Allenby 2004) 
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before the final choice decision. The proposed 3-stage choice model provides the 
possibility of information to be searched and updated in multiple stages to reflect 
the fact that the search cost of different types of information could be different. 
The 3-stage model does not force or unnecessarily introduce a structure of 
extensive information search and consideration. However, there is one limitation. 
That is, the model structure assume that consumers would compare at the vehicle 
category level first and decide the categories to be searched on search attributes 
before moving to the decision of vehicle models to be searched on experience 
attributes.  
The remaining sections of this chapter provide a detailed discussion of the 
decision process and model formulation and of model identification and 
estimation issues. 
3.2 Model Formulation  
3.2.1 Information on Search Attributes and Category Consideration 
Consider a product (vehicle) that can be categorized into M  types. It is assumed 
that a consumer is aware of all of the vehicle categories, but has incomplete 
information on the vehicle attributes. The first decision for consumers to make 
concerns the categories they will search to obtain primary information. The 
categories that consumers decide to search constitute their category consideration 
set. Consumer i ’s category consideration is notated as 1iC . The superscript 1 


















       (3.1) 
1
iC  is a vector of M  components. If a product/vehicle category m  is 
considered, then the element of 1imc  takes the value 1, otherwise 0. There are 
three vehicle categories in the empirical analysis, American cars, European cars, 
and Asian cars. We now discuss the detailed decision rule of category 
consideration.  
Although most consumers are not first-time buyers, and consumers may have 
learned a lot about the cars they have driven for years, it is still necessary for them 
to search for information about vehicles with which they have no prior experience. 
Even for vehicle categories or models that consumers or their family members 
have owned before, the fast pace of model redesign in the auto industry makes it 
worthwhile to search for updated information before making a new purchase. 
Therefore, consumers have to invest time and effort in collecting sufficient 
information about vehicle models before they can make a purchase decision. 
However, the consumer realizes that information is costly to search for and that it 
may not be optimal to consider all vehicle categories and search for information 
on all alternatives. Category selection is made by comparing the expected utility 
of considering a category with the expected cost of gathering the search attribute 
information on the vehicle models within that category. If the potential gains from 
searching a particular category are higher than the expected cost of doing so, then 
the consumer will consider that category.  
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The category consideration decision rule is given in equation (3.2). The decision 
about whether or not to consider a category depends on 1*imc , the net utility of 
including the category in the consideration set. If the net utility of considering 
category m  is positive, then 1imc  equals 1, and category m  is considered by 











      (3.2)  
The net utility of considering a category is calculated by subtracting the 
consideration cost from the consideration utility. The formulation of net utility for 
considering category m  is given in equation (3.3).  
The expected utility of considering a category is a function of the expected 
category performance. At the time of making the consideration decision, 
consumers do not have detailed attribute information about the vehicle models. 
They have to form their expectations of category performance based on prior 
knowledge accumulated either from past experience or from passively received 
product information, for example, from advertisements. It is reasonable to assume 
that, although consumers do not have accurate product information, they may 
have enough knowledge about differences across categories. The empirical 
analysis uses the average attribute values of all of the alternatives in a category as 
the input of the expected category attribute performance.  
The expected cost of considering a category is the expected cost of collecting the 
 32 
search attribute information for the vehicle models within that category. The 
factors that can influence the search cost include the consumer’s search efficacy 
and the opportunity cost. A measurement of the consumer’s time sensitivity is 
included in the model as a measure of opportunity cost. Compared to traditional 
information channels, the Internet is a comparatively low-cost source of product 
information, and it is expected that Internet use can increase the average search 
efficacy of a consumer (Ratchford, Lee and Talukdar 2003). It is hypothesized 
here that, by searching online, a consumer can expect a lower search cost on 
average; however, the cost reduction effect from an online search will be greater 
for vehicle models in unfamiliar categories than it will be for those in familiar 
categories. Because the amount of information update required by unfamiliar 
categories is larger, the potential reduction in the search cost for unfamiliar 
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  (3.4)  
where the mI  are vectors of category-specific intercepts, and 
iγ  is the 
individual-specific parameters which is a function of consumer demographics iD . 
1
mX  is the attribute values of category m  which includes both search and 
experience attributes, and iβ  is the vector of importance ratings that consumer 
i  assigns to the product attributes. To capture consumer heterogeneity in 
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attribute preference, iβ  is allowed to be a function of consumer shopping 
characteristics iZ , as given in equation (3.4). 1imCost  contains the variables that 
affect the expected cost for consumer i  to consider category m . In the 
empirical analysis, the Internet use dummies and the Internet-vehicle familiarity 
interaction terms are included as part of the factors that influence the expected 
consideration cost. The error term 1imε  contains all of the other unobservable 
factors that may influence a consumer’s expected utility and cost.  
Most of the previous studies on the consideration set decision assume that the 
unobservable consideration utility error 1imε  follows the independent Gumbel 
distribution (e.g. Roberts and Lattin 1991; Bronnenberg and Vanhonacker 1996). 
The expected maximum value out of a set of independent Gumbel-distributed 
random variables is also Gumbel-distributed. The conjugate and close-form 
expressions provide convenience for analytical analyses, but the properties of 
independence and fixed variance violate the IIA (independent from irrelevant 
attribute) property and therefore place certain unrealistic assumptions on 
consumer consideration and choice behavior (Debreu, 1960). Here, the 
assumption of Gumbel-distributed errors is removed, and the error terms are 
allowed to follow multivariate normal distribution with a free covariance matrix. 
1Σ  in equation (3.5) is a full covariance matrix, and the off-diagonal elements are 
able to capture the correlations in the unobserved net utilities among categories.  
 
1 1
~ (0, )im MVNε Σ  (3.5) 
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Given the multivariate-normally distributed error terms, the individual category 
consideration probability is the integration over truncated multivariate normal 
distribution. To illustrate, the probability for consumer i  considering and only 
considering category m  equals 
( ) ( )1 ' 1* 1* 1*1Pr (0, , , 0) Pr 0, , 0, , 0i i im iMC m c c c= = < ≥ <       (3.6) 
Categories with positive net utility enter a consumer’s consideration set at Stage 1. 
Consumers then proceed to gather the search attribute information of the vehicle 
models in these categories and update their beliefs about the vehicle attribute 
values with the incoming information. According to the fixed-sample search rule 
assumption, all of the remaining categories, together with the alternatives nested 
in those categories, will be excluded from further consideration.  
Detailed information of search attributes can assist a consumer in having greater 
knowledge of vehicle performance. If a vehicle’s performance on search attributes 
is correlated to its performance on experience attributes, then the gathered 
information on search attributes can be of help in the decision about which 
vehicle models should be searched for experience attributes. For example, roomy 
car with more interior space is likely to be more comfortable to sit in and drive. 
Therefore, the search attribute of car size can be correlated with experience 
attribute of comfort.  
3.2.2 Information on Experience Attributes and Model Consideration 
The second stage consideration decision is made after the consumer has collected 
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information on search attributes. Because information on experience attributes is 
more costly to acquire than that on search attributes, it is not optimal for a 
consumer to continue searching for all of the vehicle models examined at the 
previous stage. Based on the information obtained so far, consumers can decide 
which few select vehicle models they would like to explore further, and the 
models selected at this stage enter the final consideration set. 2iC  denotes 
consumer i ’s consideration set at the vehicle model level. Here, the superscript 2 

















  (3.7) 
2
iC  is a vector of consideration indicators, and J  is the number of vehicle 
models. If alternative j  is considered by consumer i , then 2ijc  equals 1, 
otherwise 0.   
Because the vehicles from the non-considered categories in Stage 1 will be 
dropped from further consideration, the prerequisite for an alternative to be a 
candidate in the final consideration set is that the category it belongs to is 
attractive enough to be considered in Stage 1. Of those alternatives that have been 
searched and updated for their search attributes, consumers will decide which 
subset to search for experience attribute information. This decision is made by 
comparing the expected consideration utility and the expected information search 
and processing cost for each vehicle model. Only vehicle models with positive net 
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utilities are able to enter the consideration set at Stage 2. Equation (3.8) provides 





1 if 0 and 1
0 otherwise








ijc is consumer i ’s expected net utility of considering model j . 1 ( )im jc  is an 
indicator of whether or not the category m  that model j  belongs to is a 
member of the category consideration set. For a vehicle model to be considered, it 
has to be from the considered category ( )1 ( ) 1im jc =  and also perceived to provide 
positive net utility ( )2* 0ijc ≥ . A violation of either of these two conditions will 
deter the vehicle model from entering the final consideration set.  
The net utility of considering an alternative is calculated by subtracting the 
consideration cost from the utility. Consideration utility is a function of the 
expected performance of the vehicle model. With the updated information on the 
search attributes, consumers are now able to use more accurate information to 
form the utility expectation. As of yet, they have not searched for information on 
experience attributes, and hence their knowledge of the experience attribute 
values for individual vehicle models is not up-to-date. In equation (3.9), 2ijX  
records the attribute values perceived by consumer i  for alternative j , among 
which, the search attribute values have been updated and are thus different from 
the input values in the first stage decision, whereas the experience attribute values 
have not been updated. To capture the heterogeneity in consumer preferences, the 
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coefficients iλ  and iβ  are allowed to be individual-specific. The cost-side 
factors are now discussed. 
The consideration cost at Stage 2 includes both the information search cost and 
the information processing cost. Consumer time sensitivity measures the 
opportunity cost for a consumer to conduct an information search. Although the 
driving distance to a dealer is also a factor that influences the information search 
cost, this information is, unfortunately, not available in the dataset and thus cannot 
be included as a relevant input measure. In addition to the search activities, a 
consumer has to organize and process the product information that has been 
collected for both the search and experience attributes. Information processing 
cost is also critical to a consumer’s consideration decision. The behavioral 
literature presents well-established evidence of selective consumer consideration 
due to limited information processing capability (e.g. Bettman 1979; Bettman, 
Johnson and Payne 1991).  
Equation (3.9) gives the mathematical formulation of the net consideration utility 
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The perceived utility of considering alternative j  by consumer i  is 2*ijUtility , 
which is a function of the alternative-specific indicators jI  and the vehicle 
search and experience attributes 2ijX . 
2
ijCost  contains all of the cost variables, 
including the type of Web site visited. Because experience attribute information 
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can only be acquired through physical inspection, Internet use has a very limited 
influence on the expected search cost at this stage; however, all of the relevant 
information, including the online information collected at the earlier stage, will be 
processed by the consumer before making the final choice decision. Due to the 
variety of online content, it is expected that information from different types of 
Web sites will affect the information processing cost differently.  
In the automobile industry, there are two major types of Web sites, independent 
sites and manufacturer sites. Independent sites provide information about the 
vehicle models of competing manufacturers and categories, whereas manufacturer 
sites exclusively cover the models of a particular manufacturer. The 
comparison-facilitating independent sites and the uniqueness-highlighting 
manufacturer sites influence the consideration cost differently by facilitating or 
obstructing the perceived comparability of vehicle models. Given this assumption, 
the type of Web site visited is included as part of the cost factor.  
 
2 2
~ (0, )ij MVNε Σ  (3.10) 
The error term 2ijε  is assumed to follow multivariate normal distribution. Some 
restrictions are placed on the covariance structure when carrying out the empirical 
analysis because the dimension of the covariance matrix at the model 
consideration stage is very large. To achieve balance between model flexibility 
and computational cost, a block-diagonal covariance structure is applied. 
Specifically, the consideration errors of vehicle models from the same category 
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are allowed to be correlated, whereas the errors of vehicle models from different 
categories are set to be of zero correlation. Although the cross-category 
correlations are restricted to zero, this does not mean that the consideration 
decision is totally independent for vehicle models from different categories. Note 
that the vehicle model consideration decision is conditional on the consideration 
decision at the category level, and the consideration errors at Stage 1 are 
multivariate normal distributed with the full covariance matrix. The off-diagonal 
elements of the Stage 1 covariance matrix partially capture the cross-category 
correlations along the unobservable factors. 
Stage-two consideration is conditional on the stage-one category consideration 
because alternatives from non-considered categories will be excluded from 
second-stage decision. The conditional probability is integration over truncated 
multivariate normal distribution given the error term specification. As an example, 
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where 1 ( )im jC  and '
1
( )im jC  are indicators of whether or not consumer i  consider 
the categories which alternatives j  and 'j  belong to. 
Once consumers decide which vehicle models to explore further, they proceed to 
collect information on the experience attributes for the selected alternatives. The 
main ways to gather experience information on a car are dealer visits and test 
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drives. The incoming experience attribute information, together with the search 
attribute information collected earlier, is then processed before the consumer 
makes a final choice. 
3.2.3 Choice Decision 
Consumers make a choice from among the vehicle models in the final 
consideration set they have searched for both search and experience attributes. 
After comparison, they select the alternative that provides the highest expected 
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ijy  is the choice indicator, and is 1 if alternative j  is chosen, and 0 otherwise. 
iju  is the intrinsic choice utility of alternative j . For an alternative to be chosen, 
it has to be a member of the final consideration set and outperform all of the other 
alternatives in the consideration set in terms of the expected choice utility 
provided.  
At the choice stage, consumers have complete product information of the member 
alternatives in their consideration sets. Therefore, they are able to use the updated 
attribute values to form the expected utility for each alternative. iju  in equation 
(3.13) is the updated latent choice utility of alternative j  perceived by consumer 
i , which is a function of the alternative-specific dummies jI  and a vehicle’s 
search and experience attribute values 3ijX . The model coefficients,  and i iλ β , 
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ij j ij iju I Xλ β ε= + +  (3.13) 
It is assumed that the unobservable choice utility error 3ijε  is independently and 
normally distributed for each alternative. The reason for adopting an independent 
Probit rather than a full-covariance Probit model at the choice stage is to save the 
degree of freedom. A full-covariance matrix of dimension J  requires the 
*( 1) 2J J +  number of elements to be estimated. For a model with 10>J , the 
number of estimates is too large to manage.    
 
3 3
~ (0, )ij Nε Σ  (3.14) 
where the covariance matrix 3Σ  is diagonal. 
Consumer i ’s choice probability given his consideration set is presented in 
equation (3.15). 
( ) ( )' '2 ' 2 2Pr | Pr  for all  such that 1ij i ij ijij ijy C u u j c c= > = =   (3.15) 
3.2.4 Overall Decision 
To summarize, the overall decision process includes three stages, the category 
consideration, vehicle model consideration, and choice stages. The consideration 
sets are formed to optimize the difference between the expected utility and the 
search cost. A consumer collects search attribute information for the alternatives 
in a category consideration set. For alternatives in the model consideration set, a 
consumer searches for experience attribute information. The category and model 
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consideration decisions are modeled as multivariate Probit models (MVPs), and 
the choice decision as an independent Probit model. An individual consumer’s 
likelihood can be decomposed into category consideration likelihood 1( )iP C , 
vehicle model consideration likelihood conditional on category consideration 
2 1( | )i iP C C , and choice probability, given consideration 2( | )i iP y C . The overall 
likelihood is then the multiplication of the individual likelihoods, which is given 
in equation (3.16). Ψ is the set of model estimates which include all parameters 
from the three stages. 
 
2 2 1 1| Pr( | )Pr( | )Pr( )i i i i iiL y C C C CΨ = Π  (3.16) 
The three stage decisions are estimated simultaneously by maximizing the overall 
likelihood. We apply the Markov Chain Monte Carlo (MCMC) method to 
estimate the model, as both the MVP models and the independent multinomial 
Probit (MNP) model require high-dimension integrations.  
3.3 Model Identification  
Both the MVP and MNP models face identification problems. In this section, we 
first discuss the identification issues related to the MVP and MNP models, 
respectively, and then attend to the specific matters of joint identification for the 
multi-stage model mixing of both.  
3.3.1 Identification of Multivariate Probit Model 
The MVP model faces the scale identification problem. We can rescale the latent 
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consideration utility *ijc  by any constant without changing the probability of an 
alternative being considered. To identify the model, we need to fix the scale for 
each alternative. For a model of J  dimensions (alternatives), this requires J  
scale identification restrictions. 
There are two methods of solving the identification problem. One is to put all of 
the required restrictions on the covariance matrix by scaling all of the diagonal 
elements of the covariance matrix to be 1 (Edwards and Allenby 2003; 
Manchanda, Ansari and Gupta 1999). By doing so, the covariance matrix can only 
be identified as a correlation matrix. Because the number of restrictions on the 
covariance matrix is sufficient to identify the model, there is no need to place any 
restrictions on the model coefficients. The second method is to place certain 
restrictions on the parameter space. One example would be to assign the price 
coefficients to be equal across alternatives. By setting the coefficients to be equal 
across alternatives, 1J −  out of the J  required identification restrictions are 
satisfied. To fulfill the remaining identification requirement, we can set the first 
element of the covariance matrix to be 1 (Rossi, Allenby and McCulloch 2005). 
The first method is termed the “covariance identification,” and the second the 
“parameter identification.”  
As the covariance identification method only places restrictions on the covariance 
matrix, all of the model parameters are alternative-specific. Thus, the total number 
of parameters to be estimated is k * J  for the coefficients and ( )* 1 2J J −  for 
the correlation matrix. Here, k  is the number of explanatory variables, and J  
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is the number of alternatives. When the decision involves few alternatives or 
explanatory variables, the covariance identification method is recommended as it 
allows maximum flexibility in the parameter estimates. However, when there is a 
large set of alternatives or explanatory variables, the parameter identification 
method with restrictions on the parameters is probably a better option to identify 
the MVP model.  
3.3.2 Identification of the Multinomial Probit Model 
The MNP model faces both the level and scale identification problems. The level 
problem exists because the addition of a constant to the latent consideration 
utilities of all of the alternatives does not change which alternative is of the 
highest utility. The scale problem exists because the utility of each alternative can 
be multiplied by a constant without changing which alternative has the highest 
utility. Thus, to identify the MNP model, we have to normalize both the level and 
the scale of the utility function.  
The usual way to remove the level problem is to set the utility of one alternative 
as the baseline and normalize by subtracting the baseline utility from all of the 
alternative utilities. Consequently, the model dimension reduces from J  to 
( 1)J −  after the utility difference. The scale problem can be resolved by 
rescaling the first diagonal element of the ( 1)J − -dimension covariance matrix to 
be 1. After satisfying both the level and scale identification requirements, only 
[ ]( 1) 2 1J J− − out of the ( 1) 2J J +  covariance matrix elements needs to be 
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estimated. 
3.3.3 Identification of the Multi-Stage Multivariate and Multinomial Probit 
Models 
For the three-stage model specified in the previous section, the consideration set 
formation decision is modeled as the MVP model, and the choice decision as an 
independent MNP model. To identify the three-stage model, we have to solve the 
scale problem for the MVP model and both the scale and level problems for the 
MNP model.  
Given the high dimension of the model (3 for Stage 1, 21 for Stage 2, and 21 for 
Stage 3), it is more efficient to apply the parameter identification model than the 
covariance identification method to solve the scale identification problem. 
Specifically, rather than having alternative-specific parameters, we restrict a 
consumer’s attribute preference coefficients to be equal across all of the 
alternatives and all of the decision stages. From the behavioral perspective, the 
cross-alternative identical parameter means that a consumer applies the same 
attribute importance weights to evaluate all of the competing alternatives, and the 
cross-stage identical parameter means that a consumer’s preference structure is 
stable during the process of consideration and choice decision. Although Meyer 
(1980) finds that in controlled experiments consumers may shift their attribute 
importance weights during the information search process, he is not able to 
provide a convincing behavioral explanation of why a consumer would assign 
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different attribute importance weights in the process. By setting the attribute 
preference parameters to be equal across all of the alternatives and all of the 
decision stages, the ( 2 1)M J+ −  scale identification restrictions are satisfied. 
Here, M  is the number of vehicle categories, and J  is the number of vehicle 
models. To complete the identification requirement for the scale problem, one 
additional restriction is placed on the covariance matrix of the category 
consideration. The first diagonal element of the Stage 2 covariance matrix is 
rescaled to be 1.  
The restrictions placed on the attribute preference coefficients can solve the scale 
problem of the MNP model. However, we still need further restrictions to meet 
the level identification requirement of the MNP model at the choice stage. To 
solve the problem, the constant term coefficients at the choice stage (Stage 3) are 
set to be equal to those at the model consideration stage (Stage 2). The 
observation of a consumer’s consideration set membership allows the researcher 
to infer the scaled constant level of each alternative’s net consideration utility. By 
setting the utility constants to be the same across stages, the baseline constant of 
choice utility is constrained to be the same as the constant level of consideration 
utility, and the observation of both the consumer’s vehicle model consideration 
and final choice makes the level identification possible.   
To sum up, the parameter identification method is used to identify the MVP and 
MNP models. First, the constant term coefficients of the Stage 2 consideration 
utility and the Stage 3 choice utility are set to be equal, which helps to identify the 
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baseline choice utility. Second, a consumer’s attribute preference coefficients are 
restricted to be the same across all of the alternatives and stages, which partially 
satisfies the scale identification requirements. Third, the first diagonal element of 
the Stage 2 (vehicle model consideration) covariance matrix is rescaled to be 1, 
which, together with the equal preference parameter restriction, completes the 
scale identification requirements. Note that the additional restrictions put on the 
covariance matrices, by assuming block-diagonal covariance at the model 
consideration stage (as in equation (3.9)) and diagonal covariance at the choice 
stage (as in equation (3.12)), are to save the degree of freedom, rather than for 
identification purposes.  
The calculation of the likelihood for the identified model requires 
high-dimensional integrations over truncated multivariate normal distributions, 
which have to be estimated with the MCMC method. The drawing algorithm for 
the three-stage model identified with the parameter identification method is more 
similar to the drawing algorithms of the MNP model (Rossi, Allenby and 
McCulloch 2005) than it is to the drawing algorithms of the MVP models 
identified with the covariance identification method (Manchanda, Ansari and 
Gupta 1999, Chib and Greenberg 1998, Chib, Seetharaman and Manchanda 2002, 
Edwards and Allenby 2003, and Nierop, Paap, Bronnenberg, Wedel and Franses 
2005). Also, because there is no observation of the consumer’s category 
consideration, special attention should be paid to the drawing of the latent 
category consideration utility for the stage 1 decision. The details of the drawing 
 48 
algorithm are discussed in Section 3.4. 
3.4 Drawing Algorithm 
There are a few drawing algorithms designed to estimate the MNP model. 
McCulloch and Rossi (1994) propose an algorithm that starts with drawing from 
an unidentified model and then “post-processes” the draws by scaling the 
parameters and covariance matrix by the reciprocal of the first diagonal element 
of the covariance matrix. This algorithm is easy to implement, but requires the 
specification of proper prior distributions and is sensitive to the choice of the 
starting values. Later, McCulloch, Polson, and Rossi (2000) proposed a drawing 
algorithm that draws directly from the identified prior distributions, but this 
algorithm suffers from high Markov chain autocorrelation and implementation 
complexity. More recently, Imai and van Dyk (2005) introduced a drawing 
algorithm for the MNP model by applying the working parameter concept 
developed in Meng and van Dyk (1999). This working parameter is a parameter 
that is not identifiable given only the observed choice, but is identifiable given 
both the observed choice and the specified latent utilities. Introducing the working 
parameter as an intermediate step in the data augmentation process simplifies the 
algorithm and speeds up the chain convergence. It also allows flexible prior 
specification of both the proper and improper prior distributions. The simulation 
comparison shows that the working parameter algorithm outperforms the drawing 
algorithms introduced by both McCulloch and Rossi (1994) and McCulloch, 
Polson and Rossi (2000). Given its good mixing properties, the working 
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parameter is incorporated into the drawing algorithm of our proposed model 
estimation.  
Because all of the MNP drawing algorithms are initially designed to estimate the 
one-stage choice model, when applying it to the three-stage MVP-MNP mixture 
model, we have to realign the explanatory variables and the covariance matrices 
of the three stages into large matrices. The reallocation of the explanatory 
variables should be conducted in such a way that the variables that share the same 
parameters are aligned into one column. As to the covariance matrices, one large 
covariance matrix is constructed with the error covariance of the three stages 
lined up into three diagonal blocks with zero cross-stage elements.  
The Gibbs sampling method is used to draw iteratively from the full conditional 
posterior distributions given in likelihood function (3.13). The iterative and 
recursive sampling from the conditional distributions is able to converge to the 
joint distribution (German and German, 1984). Conjugate priors are adopted for 
all of the distributions (except for the working parameter, which is not part of the 
Markov chain), so that the posterior distributions can be easily derived according 
to the standard Bayes rule. The full conditional posterior distributions are updated 
in the following sequence.  
1) 0 1( 1) 2( 1) 3( 1)| , ,t t tα − − −Σ Σ Σ , 
2) 1*( ) 2 2*( 1) ( 1) 1( 1)| , , ,t t t ti i ic C c − − −Θ Σ , 
3) 2*( ) 2 1*( ) ( 1) 2( 1)| , , ,t t t ti i ic C c − −Θ Σ  , 
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4) ( ) 2 3 ( 1) 3( 1)| , , ,t t ti i iu C C − −Θ Σ , 
5) ( ) ( ) 1*( ) 2*( ) ( ) 1( 1) 2( 1) 3( 1), | , , , , ,t t t t t t t ti i ic c uα − − −Θ Σ Σ Σ    , 
6) ( ) ( ) ( )/t t tαΘ = Θ , 
7) 1( ) 2( ) 3( ) 1*( ) 2*( ) ( ) ( ) ( ), , | , , , ,t t t t t t t ti i ic c uΣ Σ Σ Θ Θ      , 
8) 1( ) 2( ) 3( ) 1*( ) 2*( ) ( )Rescale , , , , ,  t t t t t ti i ic c uΣ Σ Σ      with 2( )111 tσ , 
9) Set 1t t= + , and go to Step (1).  
α  is the working parameter. Θ  is the set of utility and cost coefficients to be 
estimated, which include ,   and γ β ρ  defined in equation (3.3), ,   and λ β κ  in 
equation (3.9), and  and λ β in equation (3.13). 1 2,Σ Σ , and 3Σ  are the 
covariance matrices for the category consideration, vehicle consideration, and 
choice decisions, and 1* 2*, ,  and  i i ic c u  are the latent utilities of the three stages, 
respectively. Accordingly, the covariance matrices 1 2 3,  ,  and Σ Σ Σ    and the latent 
utilities 1* 2*,  ,  and  i i ic c u   are the unidentified intermediate quantities that are not 
part of the Markov chain. 211σ  is the first diagonal element of the drawn 
2( )tΣ  
matrix. 
Special attention should be paid to the draws of the latent category consideration 
utility, as researchers do not observe a consumer’s category consideration set 
directly. However, consumers do report their stage-two vehicle model 
consideration, which provides useful information to help us infer and partially 
identify their category consideration. For a vehicle category in which nested 
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models appear in the consumer’s final consideration set, we know that the 
consumer certainly considered the category at an early stage. A category in this 
situation provides positive consideration utility to the consumer, and then the 
latent utility should be drawn from the distribution truncated to be larger than zero. 
For a vehicle category that does not appear in the final consideration set, it is 
possible that the consumer ruled out the category at the initial stage or actually 
searched the category, but then decided to stop at a later stage. We then face a 
difficulty in drawing the latent consideration utility for this category, as the 
observation of the vehicle model consideration is not informative enough to 
identify the truncation points of the category utility distribution.   
Given the multiple possibilities linked to the second situation, a way to draw the 
category and model consideration utilities jointly is designed here, based on the 
fact that no vehicle models from the category are present in the final consideration 
set. In iteration one, the category consideration utility is drawn from the 
non-truncated distribution. If the value of the draw is negative (meaning the 
category is not considered), then the consideration utilities of the nested vehicle 
models are drawn from the non-truncated distribution. However, if the drawn 
category utility is positive (meaning the category is considered), then the 
consideration utilities for all of the nested models in this category have to be 
truncated to be negative (meaning none of the vehicle models are considered), 
because no vehicle models appear in the final consideration set. In the next 
iteration, if the latent utilities drawn for the models from the category were all 
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negative in the previous iteration, then the category consideration utility is drawn 
from the full distribution, because whether or not the category is considered, no 
nested models will be considered. Otherwise, the category consideration utility 
drawn from the distribution is truncated to be less than zero. This process is 
updated through iterations based on the proposed mechanism. Figure 3.1 
illustrates how to update the distribution specifications for both the category and 
model consideration utilities over the drawing iterations.   
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Figure 3.1: Mechanism for Drawing Category and Model Consideration Latent Utilities 
The detailed conditional distribution formulations are given in Appendix I. The 
chain convergence is monitored by plotting the drawn values. In total, 5000 
iterations, with the first 3000 discarded at the burn-in period, were run. After the 
burn-in iterations, every fourth iteration was saved, which provided 500 useful 
draws to construct the final estimates.  
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Chapter 4: Data  
 
It is proposed that online information search can affect consumer’s consideration 
set size and composition through its impact on the expected information search 
cost. To empirically test the proposed three-stage choice decision model and 
hypotheses, vehicle shopping survey data with information of consumer 
self-reported consideration set and shopping-related Internet use is used. The data 
comprise two parts. The first set of data comes from a consumer survey, the 2001 
Vehicle Shopping Survey conducted by J.D. Power and Associates. This survey 
sampled 26,361 new vehicle buyers in the U.S. market in mid-2001. The 
respondents reported the vehicle models they had considered and finally chosen 
for their latest purchases. In addition to consideration and choice information, the 
survey also recorded the Internet use and auto information search activities of the 
respondents and their auto shopping characteristics and demographics. With 
observation of both consumer’s consideration and choice outcomes and 
shopping-related search behavior, we are able to examine how the access to online 
information can impact the composition of consideration set and how the 
information source and presentation format can influence the expected 
information search cost.  
The second dataset contains secondary data on vehicle attribute evaluations that 
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were manually collected from various third-party auto Web sites, including 
JDPower.com, ConsumerReports.org, and Edmunds.com. The vehicle attribute 
values are important elements in consumer’s evaluation of expected consideration 
and choice utility. The J.D. Power vehicle shopping survey data do not include the 
objective values or consumer evaluation of vehicle attributes, so relevant 
information from other sources is collected to supplement the missing variables in 
the survey data. Because the two datasets are of different structures, brief 
descriptions of each are provided in the following two sections.  
4.1 J.D. Power 2001 Vehicle Shopping Survey Data 
The data used for the empirical estimation are a subsample of the J.D. Power 
survey data. These samples were selected according to two criteria. First, 
respondents who had purchased a new vehicle to replace a retired one were 
retained. The data of first-time car buyers and of those who had purchased a 
vehicle as a second car were excluded. Non-replacement buyers were excluded, 
because it is assumed that replacement and non-replacement buyers make 
purchases for different reasons and therefore go through different consideration 
and choice decision processes. This study focuses on the structural changes in the 
consideration set that are due to the use of the Internet, and replacement vehicle 
models are important indicators of consumer preference. Thus, the replacement 
buyer samples, which accounted for 78.4% of the total sample, were kept. Second, 
the sample was further restricted to include only those respondents who had a 
 55 
close consideration set within one car segment, the luxury car segment. The 
benefit of restricting the estimation sample to one vehicle segment is that the 
model dimensions are tremendously reduced, which makes the empirical analyses 
feasible. From an estimation perspective, it is difficult to deal with multivariate 
models of very high dimensions because of the enormous computational cost. 
Most of the empirical work that applies the MVP model limits the number of 
alternatives to 20 (e.g. Chib, Seetharamen and Andrei 2002) or even to 10 (Wedel 
and Zhang 2004). In the automobile shopping dataset used here, there are more 
than 200 vehicle models. The scope of the product line was therefore redefined to 
include just one vehicle segment. Furthermore, by analyzing samples that 
consider only one vehicle segment, the focus can be placed on the Internet’s 
impact on one dimension of the purchase decision, that is, the consideration and 
choice of the vehicle category and brand. The following section covers more 
discussion on why the luxury car segment is chosen for the model estimation and 
validation.  
4.1.1 The Luxury Segment 
The J.D. Power survey covers vehicles in eight segments: compact car, midsize 
car, luxury car, sporty car, full-sized car, van, sport utility vehicle (SUV), and 
pickup. Firstly, given that there are a large number of alternatives in the 
automobile market (over 200 vehicle models in the J. D. Power data), it is a 
common practice in the marketing literature to focus on one vehicle segment (e.g. 
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Urban, Hauser and Roberts 1990). It is a reasonable assumption that a consumer 
mainly considers one segment because vehicles from different segments differ 
substantially in terms of design and function and normally target different 
consumer groups. Secondly, restriction to samples who consider only one 
segment would not affect the validity of the model and hypotheses testing. Some 
primary analysis run on single-segment and cross-segment consideration samples 
show that the actual magnitudes of Internet’s effects would be even larger if the 
cross-segment consideration samples were included.  
The luxury car segment was selected based on the following three criteria.  
1. The number of consumers who considered and purchased vehicles from the 
luxury segment was large enough for model estimation and validation.  
 
Table 4.1: Segment of Replaced, Considered and Purchased Vehicles 
 Replaced  Considered1  Purchased 
  N Percentage  N Percentage  N Percentage 
Compact Car 2146 12.11   3112 15.05   2399 11.60  
Full-sized Car 683 3.85   812 3.93   513 2.48  
Luxury Car 2869 16.19   5085 24.59   4097 19.81  
Midsize Car 4471 25.23   6018 29.10   4032 19.50  
Pickup 1415 7.98   2147 10.38   1757 8.50  
Sport Utility Vehicle 3353 18.92   6522 31.54   4971 24.04  
Sporty Car 1197 6.75   1869 9.04   1236 5.98  
Van 1587 8.96   1993 9.64   1672 8.09  
Total 17721 100.00   20677 100.00   20677 100.00  
Note: 1 The segment percentages of the considered vehicles do not add up to 100% because an 
individual can consider vehicles from multiple segments. 
Table 4.1 summarizes the segment counts and percentages of replaced, 
considered, and purchased vehicles for the total replacement sample. With 
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6,522 consideration, and 4,971 final purchases from the segment, SUVs top the 
frequency list in terms of consideration and purchase. Midsize and luxury cars 
take the positions of the second and third most frequently considered and 
purchased cars. There were 6,018 consumers who considered midsize cars, 
which exceeds the 5,085 who considered luxury cars. However, the luxury car 
segment attracts slightly more final purchases than the midsize car segment, 
with 19.8% of the respondents ending up purchasing a luxury car, and 19.5% 
going for a midsize car.  
2. American, Asian, and European vehicles have a more balanced presence in the 
luxury segment than they do in the SUV and midsize segments.  
 
Table 4.2: Vehicle Models in the Luxury Car Segment 
Continent of Origin Make Name Number of Models 
North America  11 
 Chrysler 2 
 Lincoln 3 
 Buick 1 
 Cadillac 4 
 Oldsmobile 1 
Asia  12 
 Acura 3 
 Infiniti 2 
 Lexus 5 
 Mazda 1 
 Mitsubishi 1 
Europe  22 
 Audi 4 
 BMW 3 
 Jaguar 3 
 Mercedes-Benz 6 
 Saab 2 
  Volvo 4 
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There are 11, 12, and 22 car models from the U.S., Asia, and Europe, 
respectively, in the luxury segment, whereas the midsize car segment has 17 
American models, 15 Asian models, and only 4 European models. The SUV 
segment has an even more unbalanced category presence, with 25 from the U.S., 
26 from Asia, and 4 from Europe. Balanced category membership is 
advantageous to the analysis of consideration set composition change at the 
continental level.  
Table 4.2 lists the vehicle models in the luxury segment. This segment has 45 
models in total, of which 11 models under five different make names are from 
the U.S., 22 models under six make names are from Europe, and 12 models 
under five make names are from Asia. The classic luxury brands, such as 
Cadillac, Lexus, Mercedes-Benz, and Volvo, offer a variety of models, whereas 
others, such as Buick, Mazda, and Mitsubishi, which have models competing in 
multiple segments, are not major players in the luxury segment.   
3. The percentages of consumers who have access to the Internet, use the Internet 
for automotive searches, and go online before dealer visits are comparable 
between the luxury car consideration sample and the total replacement sample. 
Internet access and use for the total replacement and luxury car sample is 
outlined in Tables 4.3 and 4.4. The percentage of consumers who have access to 
the Internet is 79.7% for the luxury car sample, which is the same as for the 
replacement sample. Of the consumers who have Internet access, 72.3% of the 
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luxury car sample uses the Internet for automotive information searches, 
compared with 76.3% for the total replacement sample. Finally, of the 
automotive Internet users, 86.7% of the luxury car sample and the replacement 
sample use the Internet before visiting any dealer. The above numbers clearly 
demonstrate that the luxury car sample selected for model estimation is highly 
comparable to the total replacement sample in terms of the respondents’ 
Internet access and its use for automotive information searches. 
 
Table 4.3: Internet Use for Automotive Information Search - Total Replacement  
Sample 
Internet Access Percentage     
No 20.29%     
Yes 79.71% Online Search Percentage   
  No 23.75%   
  Yes 76.25% Search Sequence Percentage 
    Before Dealer Visit 86.72% 
    After Dealer Visit 13.28% 
 
Table 4.4: Internet Use for Automotive Information Search - Luxury Car Only Sample 
Internet Access Percentage     
No 20.26%     
Yes 79.74% Online Search Percentage   
  No 27.69%   
  Yes 72.31% Search Sequence Percentage 
    Before Dealer Visit 86.71% 
    After Dealer Visit 13.29% 
It is worth mentioning that the above figures show that majority of automobile 
Internet users start searching online for product information before they visit 
any dealers, which supports our argument that the Internet is an important 
channel for collecting primary information.   
 60 
4.1.2 Consumer Demographics 
Tables 4.5 and 4.6 present the demographic statistics for the total replacement 
sample and luxury car only sample respectively. Compared with the 
demographics of the total replacement sample, the sample of consumers who only 
considered a luxury car includes more older respondents (55 and above), more 
with a higher annual income (US$100,000 and above), and more with a college 
education. For example, in the total replacement sample, only 35.2% of the 
respondents have an annual household income of US$100,000 or more, whereas 
69.4% of the luxury car sample is from this income group.  
Insert Table 4.5 here 
 
Insert Table 4.6 here 
Comparing the demographics of the buyers who use the Internet for vehicle 
shopping with those who do not, we find that the two groups are quite similar in 
terms of gender, marital status, and race, but that the Internet users tend to be 
younger with higher average incomes and better levels of education than the 
non-users. The pattern is same among the total replacement sample and luxury car 
segment. For example, statistics of the luxury car sample show that 48.8% of the 
automotive Internet users are in the 35-to-54 age group, compared with 24.8% of 
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the non-users in the same group, and the percentage of consumers aged 65 or 
older is only 16.1% for Internet users, but goes up to 44.4% for non-users.  
The demographic information of the respondents who visit only independent Web 
sites, only manufacturer Web sites, and both sites are also summarized. Columns 
4 to 6 of Tables 4.5 and 4.6 present the demographics of these three groups. These 
three groups of Internet users do not differ much in the demographic indices 
except for age. The respondents who visit only independent sites are relatively 
older than are those who visit manufacturer sites only or visit both sites. Taking 
the luxury car sample statistics as an example, of the independent site-only 
visitors, 30.5% are aged 65 and above, whereas 11.8% and 10.7% of the 
manufacturer site-only and both-site visitors come from this age group, 
respectively.  
4.1.3 Consideration Set and Internet Use 
Tables 4.7 to 4.9 report various statistics on the consideration set size and 
composition. From Table 4.7, we can see that the mean size of the reported 
consideration among the replacement buyers is 2.40, with 35.7% of respondents 
reporting a consideration set size of 1, that is, they considered one vehicle model 
only. The mean size of consideration set among respondents who exclusively 
consider luxury cars is 2.01, smaller than that of total replacement sample. The 
consideration set size reported here is comparable to those of the previous studies 
that have data on consumer automobile considerations. For example, the mode of 
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consideration set size was 3 in the auto clinic data used by Urban, Hauser, and 
Roberts (1990), and the mean consideration set size of French new vehicle buyers 
was 2.21 in Lambert-Pandraud, Laurent, and Lapersonne’s (2005) study. However, 
the percentage of consumers who formed a consideration set size of 1 in our 
sample is higher than that in Lapersonne, Laurent and LeGoff’s (1995) work, in 
which 22% of the new vehicle buyers reported a consideration set size of 1. 
 
Table 4.7: Consideration Set Size  
 Replacement Total  Luxury Total  
Luxury-  
Non Internet Users  
Luxury -  
Internet Users 
C-Set Size N Percent   N Percent   N Percent   N Percent 
1 7387 35.7%  1402 48.8%  834 68.6%  568 34.3% 
2 4783 23.1%  622 21.7%  186 15.3%  436 26.3% 
3 4030 19.5%  448 15.6%  117 9.6%  331 20.0% 
4 2952 14.3%  293 10.2%  65 5.4%  228 13.8% 
5 715 3.5%  61 2.1%  8 0.7%  53 3.2% 
6 437 2.1%  24 0.8%  2 0.2%  22 1.3% 
7 373 1.8%   22 0.8%   4 0.3%   18 1.1% 
Mean Size 2.40   2.01   1.56  2.34 
Std 1.44    1.25    0.99   1.32 
 Table 4.7 also compares the consideration set sizes of Internet users and 
non-users. By splitting the luxury car sample into automotive Internet users vs. 
non-auto Internet users, we collect some primary but interesting observation of 
the relationship between Internet use and consumer consideration. The automotive 
Internet users have a larger consideration set size than do the non-users. Among 
the luxury car consideration sample, the mean size is 2.34 for Internet users and 
1.56 for non-users. The majority (68.6%) of the non-automotive Internet users 
have a consideration set size of 1, which is higher than the 34.3% of Internet users 
who considered only one vehicle model. 
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Table 4.8 compares the consideration set composition between the automotive 
Internet users and the non-automotive Internet users. The respondents are 
categorized into nine groups by cross-tabulating the vehicle categories they 
considered and finally replaced. As the respondents’ category consideration was 
not directly observed, the percentages are counted from the certainly considered 
categories that have nested vehicle models appearing in the final consideration set, 
rather than derived from the latent category consideration decision. This gives a 
brief overview of the possible relationship between Internet use and consideration 
set composition by contrasting the crosstabs for Internet users and non-users.  
 
Table 4.8: C-Set Composition Comparison I - Auto Internet User vs. Non-User  
(Luxury Car Only Sample) 
Auto Internet=0 Auto Internet=1 
Freq     Freq     
Row Pct Considered  Row Pct Considered  
Replaced American Asian European Total Replaced American Asian European Total 
American 471 77 139 583 American 314 208 328 566 
  80.8% 13.2% 23.8%     55.5% 36.8% 58.0%   
Asian 22 188 101 234 Asian 57 346 351 494 
  9.4% 80.3% 43.2%     11.5% 70.0% 71.1%   
European 10 50 287 306 European 34 125 484 505 
  3.3% 16.3% 93.8%     6.7% 24.8% 95.8%   
From Table 4.8, we can see that automotive Internet users tend to consider 
vehicles from a greater variety of categories than do non-users. By considering 
vehicles from multiple categories, Internet users have more diversely composed 
consideration sets than do non-Internet users. The difference between Internet 
users and non-users is more prominent in the off-diagonal cross-consideration 
percentages than it is in the diagonal reconsideration percentages. The Internet 
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users are less likely to reconsider American and Asian cars than are non-users. 
The reconsideration percentage of American cars drops from 80.8% for 
non-automotive Internet users to 55.5% for Internet users. The reconsideration of 
Asian cars also drops from 80.3% for non-users to 70.0% for users. However, 
Internet users and non-users have similar percentages for the reconsideration of 
European luxury cars.  
Automotive Internet users display a higher percentage of cross-consideration than 
do non-users. There are noticeable increases in all of the off-diagonal percentages 
for automotive Internet users compared with non-users. Of the non-automotive 
Internet users, 23.8% and 43.2% of those who replaced American and Asian cars 
considered European luxury cars for their new vehicle purchases, and these 
percentages increased to 58.0% and 71.1% among the Internet users. European 
luxury cars not only attracted the highest level of cross-consideration among the 
non-Internet users, but they also gained the largest hikes in cross-consideration 
due to Internet use. Asian luxury cars also obtained decent levels of 
cross-consideration among American and European car replacements, with 
percentages of 13.2% and 16.3% for non-automotive Internet users and 36.8% 
and 24.8% for Internet users. American luxury cars drew a limited number of 
cross-considerations from Asian and European car replacement consumers, and 
2% to 4% of the increases in cross-consideration were due to Internet use.  
 Table 4.9 compares the consideration structure of independent site visitors with 
those of manufacturer site visitors for the luxury car sample. The two groups are 
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fairly similar in reconsideration and cross-consideration.  
 
Table 4.9: C-Set Composition Comparison II - Independent vs. Manufacturer Site  
(Luxury Car Only Sample) 
Independent Site=1 Manufacturer Site=1 
Freq     Freq     
Row Pct Considered  Row Pct Considered  
Replaced American Asian European Total Replaced American Asian European Total 
American 258 189 273 475 American 199 143 258 397 
  54.3% 39.8% 57.5%     50.1% 36.0% 65.0%   
Asian 49 294 299 419 Asian 41 240 264 362 
  11.7% 70.2% 71.4%     11.3% 66.3% 72.9%   
European 28 105 381 398 European 24 93 367 386 
  7.0% 26.4% 95.7%     6.2% 24.1% 95.1%   
To summarize, the following conclusions were reached from the J.D. Power new 
vehicle shopping survey data. 
 The percentages of consumers who use the Internet to help them with new 
vehicle shopping are high (more than 70% of those with Internet access) in 
both the total replacement and luxury car samples.  
 Automotive Internet users are younger with higher incomes and better 
levels of education compared with non-automotive Internet users in both 
the total replacement and luxury car samples. 
 Automotive Internet users have a larger consideration set size than do 
non-automotive Internet users in both the total replacement and luxury car 
samples. 
 The automotive Internet users have a more diversified consideration set 
than do the non-automotive Internet users. This diversification is reflected 
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in the higher percentages of consumers cross-considering vehicles from 
categories other than that of the replaced vehicle.  
4.2 Vehicle Attribute Data  
To construct consumer consideration and choice utilities for model estimation, 
vehicle attribute values are needed. The J.D. Power Vehicle Shopping Survey 
records very limited vehicle attribute information. To overcome this limitation, 
supplementary attribute information was collected for all 236 vehicle models, 
including the 45 luxury car models, from automobile Web sites including 
JDPower.com, ConsumerReports.org, and Edmunds.com. Because vehicles from 
different model years can differ in their attribute values due to redesign, to ensure 
consistency between the survey data and the attribute data, only the attribute 
evaluations for the year 2001 vehicle models were collected. For the few models 
for which no evaluation data was available for the year 2001 models, the attribute 
values of the year 2002 models was input. Also, to achieve maximal 
comparability between the attribute data and the survey data, most of the attribute 
evaluation data was collected from the J.D. Power Web site, supplemented by data 
from the Consumer Reports and Edmunds sites.  
Information on vehicle engine size and displacement was collected, and the 
measurement unit for the latter is the liter. The reported subjective evaluations of 
eight vehicle attributes were also collected, that is, mechanical quality, body and 
interior, features and accessories, performance, comfort, style, overall reliability, 
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and service quality. These subjective evaluations are only available in the form of 
population means rather than individual assessments. Adopted from the J.D. 
Power site, the subjective evaluations are on four-point scales with possible 
values of 2, 3, 4 and, 5. The definition of the point values given by J.D. Power are: 
2 for “models that need to improve”; 3 for “models that are about average”; 4 for 
“models that are slightly above industry average”; and 5 for “models that are 
much better than average” (JDPower.com).  
In addition to the attribute data collected from the Web sites, useful information, 
such as the category a vehicle belonged to and its purchase price, was extracted 
directly from the survey data. The price of a vehicle model was defined to be that 
model’s average purchase price among the survey samples. Although the price 
that individuals paid for a purchase was observed, their observation of other 
vehicle models was unknown. Taking the sample average is one way to infer the 
prices of non-purchased vehicles.    
Insert Table 4.10 here 
Table 4.10 lists the summary statistics of the attribute measurements of all of the 
vehicle models, including luxury cars. The mean price for luxury cars is 
US$45,863, which is higher than the total car average of US$30,775. Engine 
displacement, a similar measure for engine size and horse power, has a mean value 
of 3.11 liters for all of the models and 3.40 for luxury cars. The means of the 
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subjective measurements are between 3.0 and 3.3 for all of the models, with 
overall reliability standing at the high end of 3.29 and mechanical quality toward 
the low end of 3.07. Except for style and overall reliability, the luxury cars do 
better than do the total model averages on all of the other subjective evaluations. 
For instance, the mean score of performance is 4.19 for luxury cars, which is much 
higher than the 3.08 of the total average. The service quality and mechanical 
quality of the luxury cars are also high at 3.89 and 3.86. Luxury cars lag behind in 
the style measure, however, with a mean score of 2.6, which is much lower than 
the overall model average of 3.16.  
A few models did not have evaluation data for some of the attributes for either the 
2001 or 2002 models. In the empirical analysis, the average of the other vehicle 
models in the same category-segment group was substituted for the missing values 
of a model.  
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Chapter 5: Empirical Findings 
 
The consumer decision process and model structure have been discussed in 
Chapter 3 and data description in Chapter 4. This chapter presents the empirical 
estimation results and implications. The estimation results support or partially 
support our proposed hypotheses about the impact of Internet use on consumer 
consideration decision. Not only the online price information but also the quality 
information, such as feature description and consumer reviews, available on the 
Internet can influence consumer’s decision. Moreover, how the information is 
organized on the websites also plays a significant role in the decision process. 
These findings fill the gap in the literature by examining the relationship between 
Internet use and choice decision at the individual level and discussing the effect 
of non-price online information and Internet heterogeneity.  
Section 5.1 describes the variables included in the model for empirical estimation 
and their associated meanings. Section 5.2 reports the model validation results. 
The model validation is an important step to test the validity of the model 
structure. The validation tests favor the proposed three-stage model with Internet 
effect over the competing two-stage and one-stage models and model without 
Internet effect. The detailed model estimates are reported in Section 5.3. The 
empirical estimates support or partially support our main hypotheses. Section 5.4 
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discusses the managerial implications.   
5.1 Variables Description  
As specified in the model chapter, the consumer decision process can be 
decomposed into three stages. The dependent variables of the three stages are 
category consideration, model consideration, and choice outcomes, respectively. 
The explanatory variables used to construct the consideration and choice utilities 
vary across different stages of the decision. This section explains the main factors 
and the way in which they are incorporated into the model as explanatory 
variables of a consumer’s net utilities. The discussion covers Internet usage 
variables, a consumer’s state-dependence, attribute preference, and other 
variables that affect consideration cost. 
First, we begin with the key decision variable, Internet use. Consumer automotive 
Internet-use dummies are included in the category consideration stage to capture 
the possible effects of Internet use on the expected search cost. To test the 
hypothesis that an online search affects the consideration of different vehicle 
categories, category-specific Internet dummies are included in the category 
consideration decision. The estimates of the category-specific Internet dummies 
measure the magnitude of the online search effects on the consideration 
probability of each vehicle category. As discussed in Chapter 3, the effect of 
Internet use on vehicle consideration is due to the fact that a consumer who has 
access to online information can expect a lower search cost for search attributes 
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and, therefore, is more likely to benefit from considering vehicle categories. 
However, the magnitude of this cost-saving effect is conditional on a consumer’s 
knowledge level of a vehicle category. For a vehicle category about which a 
consumer has a lot of knowledge, the accessibility of low-cost information may 
not have a significant effect on the consideration probability, because there is no 
need for consumers to conduct extensive searches for attribute information that 
they already know. The interaction terms of Internet use and category replacement 
dummies are therefore included to capture the difference in the cost-saving effect 
for familiar and unfamiliar vehicle categories,. Category replacement is a good 
indicator of a consumer’s knowledge of and experience with a category, and the 
interaction terms allow the Internet’s effect on category consideration to vary with 
a consumer’s familiarity with the category.  
The forms and content of online information can also affect the information 
processing cost. As mentioned earlier, the Internet is not a homogeneous 
information source. It comprises numerous Web sites that may specialize in 
different types of information services. Most of the automobile Web sites can be 
categorized into two types. The first is independent sites such as Edmunds.com, 
KBB.com (Kelley Blue Book), and JDPower.com, which are operated by 
companies or organizations that are independent from auto manufacturers. Most 
of these independent sites provide comprehensive auto information on all of the 
popular vehicle models. Some of them even have a digital assistant to facilitate 
head-to-head comparisons of multiple models on product attributes, features, and 
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prices. The vehicle comparison tools available on the independent sites can 
facilitate the information processing of competing vehicle models, especially if 
some of those models are unfamiliar to the consumer. Independent site visit 
dummies are included in the second stage of the consideration decision to 
measure the independent site effect on the information processing cost. In 
addition to the baseline dummies of an independent site visit, the interaction 
terms of a consumer’s independent site visit and vehicle experiences are also 
included. The interaction terms intend to capture the incremental effects of the 
availability of independent site information on the consideration of unfamiliar 
vehicle models. Because no observation was made on the detailed vehicle models 
that a consumer searched and compared on the independent sites, it is assumed 
that if consumers visit an independent site, then they will search for all vehicle 
models. Both the baseline effect and the interaction dummies are allowed to be 
make-specific. 
The second type of auto Web site is manufacturer sites, which are launched and 
maintained by manufacturers. These sites are dissimilar to independent sites in 
that they provide information on the vehicle models of one manufacturer alone 
(or in some cases of one brand). As a result, the information on manufacturer sites 
highlights the uniqueness of a model and increases the accessibility of models 
from a particular manufacturer, but it does not necessarily allow for the 
comparison of these models with others. Accordingly, it is expected that 
information acquired from a manufacturer site would reduce the information 
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processing cost for, and bolster the consideration probability of, vehicle models 
from a particular manufacturer, but not the consideration of other models. In the 
second stage of the model, one dummy variable records manufacturer site visits, 
and the estimate reflects the change in the net consideration utility of a vehicle 
model if a consumer visits its parent manufacturer site. The general Internet usage 
dummies in the first consideration stage and the independent and manufacturer 
site visit dummies in the second consideration stage complete our discussion of 
the Internet-related variables. 
Secondly, consumer state dependence is also controlled. State dependence 
describes the tendency for consumers to reconsider or repurchase products or 
brands from their purchase histories. A consumer with higher state dependence is 
prone to purchasing the same brand or product repeatedly and, as a result, is less 
likely to conduct extensive searches for product information. The 
state-dependence variables are included in the decision model to capture how 
strong a consumer’s state dependence is and to serve as a control variable for a 
consumer’s information search tendency measure.  
The main state-dependence variables included in the model are the vehicle 
replacement and vehicle ownership dummies, the estimates of which measure a 
consumer’s likelihood of reconsidering vehicle categories or models that have 
been previously owned or retired. The level of satisfaction with replaced vehicles 
is included as additional indicator of dependence intensity, as a consumer who is 
satisfied with a replaced vehicle is more likely to reconsider or repurchase 
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another from the same category or manufacturer (Bloemer and Lemmink, 1992).  
In addition to replacement and ownership information, a consumer’s self-reported 
loyalty to a certain vehicle model is included as part of the measurement of state 
dependence. The J.D. Power Survey data record the self-reported vehicle 
shopping characteristics of consumers. After conducting factor analysis of these 
22 vehicle shopping characteristics measures, seven factors were extracted as 
measurements of a consumer’s shopping characteristics: Loyalty, Time Sensitivity, 
Vehicle Expert, Style Lover, Price Sensitive, Dealer Friendly, and Weak 
Preference. Table 5.1 reports the factor loadings of the seven factors. From the 
table, we can see that the Loyalty index is mainly composed of the items “I knew 
the model I wanted even before I went shopping,” and “I wouldn’t have 
purchased any vehicle if my model wasn’t available,” which is basically a 
measure of state dependence. Therefore, we include Loyalty as part of the 
state-dependence measure and control.  
 
Insert Table 5.1 here 
Third, the other component of consideration and choice utilities includes a 
consumer’s preference for vehicle attributes. Vehicle attributes are categorized 
into search attributes and experience attributes, both of which are very important 
to a consumer’s consideration and choice decision. The difference between search 
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and experience attributes is that information about search attributes can be 
obtained from a secondary information source, whereas the value of an 
experience attribute can only be acquired through physical inspection and 
experience. As the vehicle attribute evaluations of individual consumers were not 
available, the population average of vehicle attribute assessments were collected 
from JDPower.com and other sources and supplemented with price information 
from the survey data. The attribute description information includes the search 
attributes of price, mechanical quality, body and interior, features and accessories, 
overall reliability, and displacement and the experience attributes of car 
performance, comfort, style, and dealer service quality. As all of the attributes are 
given in the form of population means and on four-point scales (except for price 
and displacement which are continuous variables), to reduce the multicollinearity 
problem, the search attributes (except for price) are combined into one search 
attribute index and the experience attributes into one experience attribute index. 
This results in the three vehicle attributes of vehicle price, search attribute index, 
and experience attribute index in the empirical estimation. Consumers will search 
and update the search attribute values for individual vehicle models in the Stage 1 
search, and the experience attribute values are updated only after they visit 
dealers and take test drives. 
To capture consumer heterogeneity in attribute preference, the attribute 
importance ratings are allowed to be a function of the consumer shopping 
characteristics of Vehicle Expert, Style Lover, Price Sensitivity, Dealer Friendly, 
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and Weak Preference. The estimated attribute importance weights are then the 
incremental changes in attribute preference that are due to different consumer 
characteristics. Additionally, because it is assumed that a consumer’s preference 
structure is consistent throughout the entire consideration and choice decision 
process, the estimated attribute preference coefficients are the same across all 
three model stages. 
Lastly, in addition to the effect of Internet use on consumer search and evaluation 
costs, a consumer’s time sensitivity is also included as a control variable of 
consideration cost. For a consumer who faces stricter time constraints in vehicle 
shopping, the opportunity cost of searching and evaluating an additional vehicle 
category or model will be higher. Thus, it is expected that the time sensitivity 
variable will have negative effects on both the category and model consideration 
likelihoods.  
5.2 Model Comparison  
5.2.1 Decision Structure Comparison 
The proposed model is a three-stage decision process mixing of the MVP and 
MNP models. To test the validity of the proposed model structure, the two-stage 
and one-stage choice models are estimated as a benchmark. Both the two-stage 
and one-stage choice models are widely used in modeling the consumer purchase 
decision (see Roberts and Lattin [1991] and Andrews and Srinivasan [1995] for 
two-stage models and Kamakura and Russell [1989] and Fader and Hardie [1996] 
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for one-stage models). The two-stage model incorporates vehicle model 
consideration and choice stages. The purpose of comparing the two-stage model 
with the three-stage model is to test whether the inclusion of the category 
consideration stage is able to improve the model fitness and better explain a 
consumer’s vehicle shopping behavior. The one-stage choice model is useful to 
test the validity of the multi-stage choice decision.  
To make the competing models comparable, the explanatory variables included in 
a particular decision stage are the same in the proposed and competing models. 
For example, the explanatory variables in the choice stage are the same in all 
three models. By using the same set of explanatory variables, confounding 
explanations for the model comparison results can be minimized. If the 
three-stage model outperforms the two-stage and one-stage models on the key 
comparison criteria, then this strongly supports the proposed structure of the 
consumer information search and choice decision process. 
Insert Table 5.2 here 
Both the model log-likelihood and the in-sample hit rate are computed to compare 
and evaluate model performance. Most of the multi-stage choice decision studies 
report only the in-sample hit rate of choice outcomes, as they have no observation 
of a consumer’s consideration outcomes. By observing both consumers’ 
considered and chosen vehicle models, this study is able to calculate and compare 
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the in-sample hit rate for both the vehicle model consideration and choice 
outcomes. The model estimates and log-likelihood fitness of all three models are 
reported in Table 5.2. We can see that the three-stage model performs better than 
the two-stage model and the two-stage model better than the one-stage model in 
terms of model log-likelihood.  
 
Table 5.3: Consideration Set Component Hit Rate- Decision Structure Models 
Predicted 3-Stage Model 
Consideration Hit Rate  Considered Non-Considered Total 
Considered 47.9% 52.1% 100% 
Actual 
Non-considered 3.1% 96.9% 100% 
     
Predicted 2-Stage Model 
Consideration Hit Rate  Considered Non-Considered Total 
Considered 44.3% 55.7% 100% 
Actual 
Non-considered 4.4% 95.6% 100% 
 
 
Table 5.4: Choice Hit Rate – Decision Structure Models 
Predicted 3-Stage Model  
Choice Hit Rate Chosen Non-Chosen Total 
Chosen 40.7% 59.3% 100% 
Actual 
Non-Chosen 3.0% 97.0% 100% 
     
Predicted 2-Stage Model  
Choice Hit Rate Chosen Non-Chosen Total 
Chosen 31.6% 68.4% 100% 
Actual 
Non-Chosen 3.4% 96.6% 100% 
     
Predicted 1-Stage Model  
Choice Hit Rate Chosen Non-Chosen Total 
Chosen 15.9% 84.1% 100% 
Actual 
Non-Chosen 4.2% 95.8% 100% 
The in-sample hit rates are given in Tables 5.3 and 5.4. Table 5.3 reports the 
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in-sample hit rate of consideration set components, and Table 5.4 compares the 
models in their in-sample hit rates of choice outcomes. On both the considered 
and non-considered vehicle model prediction, the proposed three-stage model fits 
slightly better than does the competing two-stage model. In terms of choice 
prediction, the hit rates of the three-stage, two-stage, and one-stage models are 
40.7%, 31.6%, and 15.9%. The significant improvement in model fitness 
confirms that the three-stage decision structure works better than does that of the 
other two in describing a consumer’s information search and decision process 
during new vehicle shopping. The three-stage decision structure is therefore 
adopted for the remaining model verification and empirical analyses.  
5.2.2 Internet Effect Comparison 
In addition to the competing models estimated to validate the proposed decision 
structures, a competing model that does not include any Internet usage variables 
is also estimated to test the necessity of incorporating Internet effects into the 
vehicle purchase process and demonstrate the way in which the omission of 
Internet usage variables affects the model fitness and the bias of the model 
estimates. The competing model is built upon the three-stage choice decision 
structure. By applying the same decision structure, any change caused by 
different model structures can be removed. The difference in model fitness can 
therefore be fully explained by the change that is due to the exclusion of 




Insert Table 5.5 here 
 
Table 5.6: Consideration Set Component Hit Rate –Internet vs. No Internet 
Models 
Predicted Internet Model 
Consideration Hit Rate  Considered Non-Considered Total 
Considered 47.9% 52.1% 100% 
Actual 
Non-considered 3.1% 96.9% 100% 
     
Predicted Non-Internet Model 
Consideration Hit Rate  Considered Non-Considered Total 
Considered 13.9% 86.1% 100% 
Actual 
Non-considered 0.5% 99.5% 100% 
 
 
Table 5.7: Choice Hit Rate – Internet vs. No Internet Models 
Predicted Internet Model  
Choice Hit Rate Chosen Non-Chosen Total 
Chosen 40.7% 59.3% 100% 
Actual 
Non-Chosen 3.0% 97.0% 100% 
     
Predicted Non-Internet Model 
Choice Hit Rate Chosen Non-Chosen Total 
Chosen 32.7% 67.3% 100% 
Actual 
Non-Chosen 3.4% 96.6% 100% 
Table 5.5 reports the model estimates and the log likelihood of the non-Internet 
competing model. The estimates of the proposed model are also included in Table 
5.5 to allow a side-by-side comparison. Tables 5.6 and 5.7 reports the in-sample 
hit rate comparison between the 3-stage Internet model and non-Internet model. 
The results show that the Internet model performs better, both in terms of the log 
likelihood and the in-sample hit rate. This proves the necessity of explicitly 
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accounting for the Internet’s influence in the vehicle choice decision.  
This section has compared models with different decision structures and models 
with and without Internet effects. The results confirm that the proposed 
three-stage information search and choice decision process with the Internet effect 
is able to describe a consumer’s new vehicle shopping behavior better than the 
competing models, namely the two-stage decision model, the one-stage decision 
model, and the three-stage model without Internet variables. The proposed model 
performs better than the competing models on both the log-likelihood fitness and 
in-sample hit rates, which provides strong empirical evidence to support our 
proposed consumer choice structure and the effects of Internet use. The next 
section discusses the detailed model estimates of the proposed model, including 
the coefficients at the consideration and choice stages and the covariance 
matrices.  
5.3 Model Estimates 
Tables 5.2 and 5.5 report the model estimates of the three-stage decision model. 
Due to space limitations, the estimates of the constant terms and the 
variance-covariance matrices are not reported. The model estimates partially 
support our hypothesis that online searches encourage the consideration of 
dissimilar vehicle models in the process of a new vehicle purchase. A discussion 
of the model estimates is provided below.  
 82 
5.3.1 Internet Effects 
Online information search behavior affects both the information search cost and 
the information processing cost during the consumer vehicle shopping process.  
The estimates of the category-specific Internet dummies show that Internet use 
has mixed effects on the reconsideration of a vehicle category. The estimated 
coefficients are 9.5, -8.7, and -5.4 for the Internet use effect on American, 
European, and Asian car reconsideration, respectively, with the estimate of the 
Asian category being insignificant. The interpretation of the numbers is that 
consumers who replace an American car have a higher probability of 
reconsidering an American car if they search the Internet than if they do not. 
However, if European luxury car owners search the Internet for vehicle 
replacement information, then they are less likely to reconsider European cars. 
Internet use has no significant effect on Asian car reconsideration. In addition to 
the baseline effects, three interaction terms of the Internet use and category 
non-replacement dummies are included in the model to highlight possible 
differences in the influence of online information on unfamiliar vehicle categories. 
The estimates of the interaction terms are -6.5, 11.9, and 9.4 for American, 
European, and Asian cars. Although the interaction term estimate for the 
American category is negative, the magnitude is smaller than the positive baseline 
effect. After combining the baseline effect and the interaction of Internet use and 
non-replacement dummies, it is found that Internet use has a consistent expansion 
effect on the consideration of non-replaced vehicle categories. That is, consumers 
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are more likely to consider a non-replaced, and thus unfamiliar, vehicle category 
when they search online for vehicle information than when they do not.  
The model estimates are consistent with our hypothesis of consideration set 
expansion and diversification due to low-cost online information. Access to the 
Internet enables consumers to gather necessary information, particularly 
information about unfamiliar categories, at a lower cost. The increase in the 
consideration probability of vehicles in the non-replacement categories 
contributes to the diversified consideration.  
The first-stage consideration refers to the decision to collect vehicle search 
attribute information, and the next decision is, among the searched vehicle models, 
which ones are to be further explored for experience attributes. At the second 
stage of the consideration decision, the different impacts of auto Web sites on the 
expected information processing cost are incorporated in the independent and 
manufacturer site visit dummies.   
At the model consideration stage, the effects of visits to two major types of auto 
site, independent (third-party) sites and manufacturer sites, are differentiated, and 
the model estimates support our hypothesis that visits to manufacturer sites 
significantly increase the consideration probability of vehicle models from that 
particular manufacturer. The estimate of the manufacturer site visit dummy is 
significantly positive in the vehicle model consideration stage.  
Our hypothesis of the independent site effect is partially supported. As the 
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detailed vehicle information that was searched by consumers was not observed, 
and therefore it is not possible to create individual-model-specific independent 
site visit dummies, the coefficients of the independent site effects (both the 
baseline effects and interactions with non-replacement dummies) are allowed to 
vary across vehicle models to capture possible variations in the independent site 
visit effects on the consideration of different vehicle models. For parsimonious 
purposes, the independent site coefficients are allowed to be brand-specific but 
constant for vehicle models under the same brand name. From the estimation 
results give in Table 5.2, we can see that for most of the vehicle models, the 
coefficients of the baseline independent site visit dummies are negative and the 
interaction terms are positive. This shows that visits to independent sites reduce 
the probability of reconsidering replaced models, but for non-replaced models, 
this reduction effect is offset by the positive coefficients of the interaction terms.  
In addition to the Internet effect just discussed, there are other variables that are 
also important to the consideration decision. State-dependent variables, such as 
vehicle replacement and ownership, consumer-specific preferences toward 
vehicle attributes, and other consideration cost measures such as time sensitivity, 
are briefly discussed in the followings.  
5.3.2 State Dependence 
From the reported estimates, we can see that consumers present strong state 
dependence at both the vehicle category and model consideration stages. At the 
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category consideration stage, the coefficients for both the replacement dummy 
and replaced vehicle satisfaction are positive and significant, which means that 
consumers tend to conduct a primary search for vehicles in the same category as 
the one to be replaced, and this tendency becomes stronger when consumers are 
satisfied with the replaced vehicle. At the model consideration stage, the 
replacement dummy is not significant, but replaced vehicle satisfaction has a 
significantly positive effect on the reconsideration of vehicle models. This 
satisfaction effect is consistent with established findings in the marketing 
literature that satisfaction contributes to consumer repurchase behavior (e.g. 
Bloemer and Lemmink 1992).  
The estimation results also indicate that consumers display a strong tendency to 
consider the same vehicle categories and models as those that they or their family 
members currently own. The coefficients of the ownership dummies at both the 
category and model consideration levels are positive and highly significant.  
As predicted, consumers who are loyal to certain vehicle models are less likely to 
conduct searches for either search or experience attribute information on other 
vehicle categories and models. The model estimates of the “Loyalty” coefficients 
are negative.  
The state-dependence variables are important control variables to ensure that the 
estimates of the Internet effects that explain changes in a consumer’s search 
tendency and consideration probability are not caused by state dependence and 
therefore to minimize the possibility of mere coincidence between Internet use 
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and tendency to search.   
5.3.3 Consumer’s Attribute Preference  
It is assumed here that a consumer’s preference structure is consistent throughout 
the information search and evaluation process. Accordingly, the estimated 
attribute preference coefficients are the same for all three stages of consideration 
and choice decisions. Given the data limitation, vehicle price is kept as an 
independent attribute, and the other vehicle model search attributes are combined 
into one search attribute index and the experience attributes into one experience 
attribute index. The final estimates of a consumer’s vehicle attribute preference 
are the individual-specific importance ratings (a function of individual vehicle 
shopping characteristics) of the three vehicle attributes, that is, price, the search 
attribute index, and the experience attribute index.  
The results show that most of the preference coefficients are insignificant, which 
is not surprising given that the input attribute values are population averages 
rather than individual assessments. As the individual evaluations of vehicle 
attributes are not available, the interactions of individual characteristics and the 
population mean assessment are used to approximate an individual consumer’s 
preference structure. However, this method of creating variation in individual 
vehicle evaluations is not as effective as the direct measurement of individual 
attribute evaluations. Although the estimates of attribute preference are mostly 
insignificant, they are of the correct direction. For example, “Style Lover” 
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consumers are generally less price sensitive, and “Price Sensitive” consumers are 
generally more price sensitive.   
5.3.4 Other Variables Affecting Consideration Cost 
The way in which Internet use can reduce expected search costs has been 
discussed. In addition to the online search effect, a consumer’s self-reported time 
sensitivity is also included as a measure of the opportunity cost of conducting a 
search for vehicle information. The model estimates show that consumers with 
high time sensitivity are significantly less likely to conduct an extensive search or 
to process attribute information. This high opportunity cost of time-sensitive 
consumers makes them less likely to consider a variety of vehicle categories and 
models.  
5.3.5 Unobservable Factors 
The ways in which various factors could influence a consumer’s consideration 
and choice decisions have been discussed. In addition to those included in the 
model, there are other unobserved factors that probably affect consumer 
preferences. The covariance matrices partially capture the influence of 
unobservable factors on a consumer’s consideration of vehicle categories and 
models. Due to space limitations, the detailed estimates of the covariance 
matrices are not reported. However, there are some illustrative points that can 
help us to gain a better understanding of the consumer preference structure.    
The estimates of the category consideration covariance elements present different 
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relationships among the vehicle categories in terms of their appearance in a 
consumer’s consideration set. In general, European and Asian cars tend to be 
searched together at an early stage of consideration, because the estimated 
correlation between the two categories is positive. In contrast, domestic and 
imported cars have a very different competitive relationship in a consumer’s 
consideration set. The correlations between American and European and 
American and Asian cars are both negative. The dissimilarity between American 
cars and foreign cars makes it harder for a consumer to consider both even at an 
early stage of the choice process.  
The covariance matrix at the second consideration stage is assumed to be 
block-diagonal and cross-category correlations to be zero. If we look at the 
within-category correlations, then we can observe more negative than positive 
off-diagonal covariance elements, which means the dominant relationship among 
alternatives within one category is competition. Given that consumers have time 
constraints and limited cognitive resources to search and process information, it is 
reasonable that vehicle models compete with each other to enter the consumer 
consideration set.  
However, within-category competition is more intense for American cars than it is 
for European or Asian cars. There are more negative off-diagonal elements among 
the American vehicle model consideration covariance matrices than there are for 
the European and Asian models. Five out of six off-diagonal covariance estimates 
are negative for the American category and 38/66 and 3/10 for the European and 
 89 
Asian categories, respectively. Therefore, even if consumers search for 
information on American cars at the category consideration stage, they are less 
likely to consider multiple American cars in one purchase occasion. 
5.4 Managerial Implications 
The model estimates provide a clear picture of how the variables can affect the 
consumer consideration and choice decision. In this section, based on the model 
estimates, some simulation work is presented to illustrate how and why the 
Internet influences consumer consideration and its possible implication for the 
overall auto market.   
One of the main hypotheses of this thesis is that the low information acquisition 
cost of the Internet encourages consumers to have more diverse consideration sets, 
that is, to form consideration sets that includes vehicle models from multiple 
categories rather than from a single category.  
5.4.1 Consideration Set Entropy  
An “entropy of consideration set” index is introduced to measure the 
diversification of a consumer’s consideration set. “Entropy” is a term that was 
initially developed within the physical sciences and is now used in the economics 
literature as a measure of corporate concentration and diversification in an 
industry (e.g. Jacquemin and Berry 1979; Kim 1989; Palepu 1985). The entropy 
concept is applied here to calculate the consumer consideration set diversification 












= −∑  (5.1) 
where iE  is the value of consideration set entropy for consumer i , m  is the 
category index, and miS  is the percentage of the vehicle models from category 
m  out of consumer i ’s total considered models (all [ ]0,1miS ∈ ). The 
consideration percentages of the total M  vehicle categories should add up to 1, 
1mi
m
S =∑ . The entropy measure, iE , is always positive, but becomes smaller 
when the consideration set is less diversified. The smallest possible value is zero, 
which can be reached when a consumer’s consideration set contains only vehicle 
models from a single category. 
To investigate the change in the shape of a consumer’s consideration set that is 
due to Internet use, the average consideration set entropy index under different 
Internet usage scenarios is compared. Based on the model estimates, consumer 
consideration set membership for simulated Internet usage scenarios is acquired, 
and four scenarios are compared. The first scenario is that all consumers use the 
Internet to search for vehicle information; the second that consumers with Internet 
access use the Internet to search for vehicle information; the third that only those 
who report conducting an auto online search do so; and the fourth that no 
consumers search online during the vehicle shopping process. The changes in the 
entropy indices of the different simulated scenarios demonstrate the way in which 
online search behavior influences the diversification of a consumer’s 
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Figure 5.1: Average C-Set Entropy Values for Different Internet Usage Scenarios 
From Figure 5.1, we can see that the average consideration set entropy values 
increase in the percentage of consumers using the Internet to search for vehicle 
information. The average entropy index is 0.77 if no consumers use the Internet to 
help with new vehicle shopping and increases to 0.86 when all consumers use the 
Internet. The difference in the entropy values is significant at the confidence level 
of 0.05 (t = 3.10). The results clearly demonstrate that the consideration set would 
become more diverse if consumers conducted online searches. This is due to the 
fact that, by benefiting from low-cost online information, the cost of considering 
vehicles from multiple categories drops. 
The entropy index is a useful indicator for measuring the diversification of 
consideration set membership. In addition to entropy values, the simulation 
results of a few other indicating variables that can help us to have a better 
understanding of the source of diversification are also collected and compared.  
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5.4.2 Consideration Set Composition 
First, the number of categories that are considered under different Internet usage 
scenarios are compared. Cross-category consideration is more likely to occur 
when a consumer uses the Internet to search for vehicle information. The average 
number of categories considered is 1.70 when no one uses the Internet. The 
number of vehicle categories considered increases to 2.11 when all consumers 
with Internet access search online for vehicle information and increases further to 
2.22 when all consumers use the Internet to help with vehicle shopping. From 
Figure 5.2, we can see that the percentage of consumers who consider two or 
three vehicle categories rises in the proportion of consumers who use the Internet 
to search for vehicle information. Multiple-category consideration is part of the 
reason that the entropy index is higher. This supports our first hypothesis, that is, 
that searching for vehicle information on the Internet will lead to a more 
diversified consideration set in terms of cross-considering vehicle models in 
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Figure 5.2: Number of Categories Considered for Different Internet Usage Scenarios 
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The increase in the number of categories considered results from the increase in 
the consideration probability of each vehicle category. From Figure 5.3, we can 
see that the consideration probability of all three vehicle categories rises with the 
Internet use level. If no one uses the Internet to search for vehicle information, 
then the percentage of consumers who consider American, European, and Asian 
categories are 34%, 80%, and 56% respectively. The consideration probabilities 
increase to 43%, 96%, and 83% if every consumer conducts an online search. The 
magnitude of the increase is larger for the European and Asian categories than it 
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Figure 5.3: Consideration Probability of Vehicle Categories for Different Internet Usage 
Scenarios 
Some interesting patterns in the change of consideration probability emerge when 
the total sample is broken down into groups based on the types of vehicles 
replaced, and these also provide greater insight into the expansion and 
diversification effects of Internet use on category consideration. Figures 5.4, 5.5, 
and 5.6 give the consideration probabilities for groups of consumers who replaced 
American, European, and Asian cars, respectively. We can see that consumers 
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have a high tendency to reconsider the same category as the vehicle to be 
replaced. European and Asian car owners have nearly a 100% reconsideration rate 
no matter how many of them search online. The reconsideration percentage of 
American cars, however, increases from 63% for no Internet use to 80% for all 
Internet use. By examining the degree of satisfaction with replaced vehicles, we 
find that those who chose Asian and European cars as replacements are more 
satisfied with their replaced vehicles. This is one possible reason for the higher 
reconsideration rates for the Asian and European categories than for the American 
category.  
A more interesting finding, which can be read from Figures 5.4, 5.5, and 5.6, is 
that Internet use leads to a higher percentage of consumers who consider 
non-replaced vehicle categories. Among those replacing American cars, there is a 
greater than 30% increase in the consideration of European and Asian cars when 
the Internet usage scenario changes from “no Internet users” to “all Internet 
users.” European and Asian car owners searching online for a replacement are 
also much more likely to consider non-replaced cars than are those without 
Internet information. However, the probability of cross-considering American 
cars is of a much less significant increase than is that of the other categories. The 
simulation results are consistent with our second hypothesis, that is, that 
searching for vehicle information on the Internet encourages consumers to 
















Category America Category Europe Category Asia
Percent
No Internet Internet Access All Internet
 


















Category America Category Europe Category Asia
Percent
No Internet Internet Access All Internet
 















Category America Category Europe Category Asia
Percent
No Internet Internet Access All Internet
 
Figure 5.6: Consideration Probability of Vehicle Categories among Asian Car Replacements 
The simulations in this section demonstrate the general impact of Internet use on 
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the probabilities of considering various vehicle categories. In addition to the 
simulated Internet usage scenarios at the category consideration stage, the 
consideration set membership for different independent and manufacturer site 
visit scenarios was also compared. By fixing the use of one type of Web site at the 
actual level and varying the use of the other, it is possible to examine how visits 
to independent sites or manufacturer sites influence the shape of a consideration 
set.  
Because independent Web sites provide extensive information on competing 
vehicle models, it is expected that visits to these sites would make it more likely 
for unfamiliar vehicle models to be considered and that the entropy of the final 
consideration set would increase as a result of this cross-consideration. Figure 5.7 
provides the entropy values for different independent site usage scenarios. When 
no one searches independent auto Web sites, the entropy is 0.76, which increases 
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Figure 5.7: Average C-Set Entropy Values for Different Independent Site Visit Scenarios 
Different from the effects of independent sites, visits to manufacturer Web sites 
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only have positive effects on the consideration of the vehicle models under that 
manufacturer’s brand name. Figure 5.8 clearly demonstrates the effects of a 
manufacturer Web site visit on the consideration of vehicle models from that 
particular manufacturer. The share of American cars in the consideration set 
increases greatly when every consumer visits some American car manufacturer 
sites. The same pattern exists in the increasing share of European and Asian cars 
when consumers visit European and Asian manufacturer sites. As discussed 
earlier, the differences in the influence of independent and auto manufacturer Web 
site visits is mainly triggered by differences in the form, content, and presentation 
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Figure 5.8: Share of Vehicle Models from Different Categories for Manufacturer Site 
Visit Scenarios 
The simulations of the consumer vehicle category and model consideration 
changes are also useful as an initial step to understand the Internet’s impact on the 
overall auto market competition structure. From the simulation results, we can see 
the following.  
1. Market competition becomes more intense with the availability of online 
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information. This intensity comes from the search and consideration of 
multiple vehicle categories and models at an early stage in the choice 
decision.  
2. European and Asian cars benefit more from online searches by attracting 
greater levels of cross-consideration from consumers who did not previously 
drive cars from the two categories. This increase in consideration probability 
when searching online is of a larger magnitude for European and Asian cars.  
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Chapter 6: Conclusion 
 
6.1 Summary  
This thesis has examined the ways in which the use of the Internet and online 
information searches influence consumer consideration and choice decisions. Its 
main hypothesis is that the use of the Internet encourages consumers to form a 
diversified consideration set by considering alternatives from various categories, 
especially those from unfamiliar categories or those that have not been 
experienced. This consideration set diversification comes from the reduction in 
consideration costs that are due to the acquisition of low-cost online information, 
and unfamiliar choice alternatives benefit most from this information search and 
processing cost reduction. To test the hypothesis, a three-stage choice model has 
been proposed to describe a consumer’s multi-stage choice decision. The model is 
also suitable for testing the Internet’s influence at different stages of the choice 
decision. Each stage of the model describes one consumer decision stage, and 
Internet use and online searches are included as factors that can have an impact 
on a consumer’s consideration decision.    
The empirical estimation results show that, by conducting an automotive online 
search, a consumer is more likely to consider vehicle models in different 
categories and consideration set entropy increases as a result of cross-category 
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consideration. Visits to independent sites lead to a higher probability of 
considering non-replaced vehicle models, whereas visits to manufacturer sites 
only boost the likelihood of considering vehicle models that are produced by a 
particular manufacturer. 
6.2 Contributions 
The Internet, as an emerging information channel, has played an important role in 
the consumer pre-choice information acquisition process. The increasing 
involvement of the Internet in consumer product- and purchase-related activities 
has attracted researchers from marketing, economics, and other fields to study the 
trends and market changes that are caused by the Internet through online search 
and purchase behavior. This thesis is part of the research effort to understand the 
influence of the Internet on consumer choice and market outcomes. The previous 
Internet research has either focused on the relationship between the use of the 
Internet and other information channels or on the impact on market prices that are 
due to transparent online price information.  
In the past decade, the Internet has developed into a huge platform with millions 
of Web sites that provide comprehensive product information. The literature has 
collected a lot of evidence concerning the way in which low-cost online price 
information exerts pressure on market prices, but we have little information on 
how low-cost online quality information can influence consumer choice and the 
market competition structure. Aiming to further the research in this area, this 
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thesis is one of the first studies to examine the influence of both online price and 
non-price information.  
Moreover, in addition to the differentiation of price and quality information, the 
heterogeneity of the Internet itself is acknowledged by separating the effects of 
different types of Web sites based on the content and format of the information on 
the sites. In the automobile industry, the two main types of Web sites are 
manufacturer sites and independent sites, each of which has a unique structure of 
information dissemination.   
The third contribution of this research is that online information is studied by 
modeling the individual choice decision. By modeling at the individual level, it is 
possible to gain a better understanding of the underlying mechanisms of an online 
information search’s influence on the consumer choice decision. Different from 
models that are built and estimated on market level data, models that are built at 
the individual level provide an opportunity to test the path through which the 
effects work to reach market level results. The empirical results show that online 
information search behavior has a direct impact on consumer consideration set 
composition by lowering the expected search and processing cost. The change in 
consideration composition is then passed on to the choice outcome and finally 
influences the market structure.  
Fourth, this study has estimated a three-stage choice model that explicitly models 
a consumer’s decision to search for search attributes and experience attributes and 
then to make a final choice. The empirical results prove that the three-stage 
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decision model fits better than do the two-stage and one-stage models, which can 
hopefully initiate future research into and discussion of the three-stage consumer 
decision rule.  
6.3 Research Directions 
The methodology and empirical verification presented here have merely brought 
to the surface the potential to integrate research on the online information search 
and the consumer choice decision. Modeling the multi-stage individual choice 
decision together with information search behavior is a relatively new research 
area. It is a meaningful extension to the current research on both the online search 
and multi-stage choice models. To overcome this study’s data limitations and 
scope constraints, further investigation into many issues, including the following, 
is required.  
Model specification. Given the small sample size, certain assumptions on the 
parameter and covariance structures have had to be imposed. To save the degree 
of freedom, consumer preference was set to be the same across decision stages, 
that is, the attribute importance ratings are the same when forming consideration 
and choice utilities. Moreover, to reduce the number of model estimates, the 
covariance matrices of the alternative consideration and choice decisions are 
assumed to be block diagonal and diagonal. These assumptions are necessary due 
to the small sample size. If there were enough data points for empirical estimation, 
then it would be meaningful to relax these assumptions, especially that imposed 
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on the covariance structure, and estimate a model that allows the preference 
structure to vary across stages and/or has a full covariance matrix.  
Validation. For validation purposes, such aspects as goodness of fit and the 
in-sample hit rate for various competing models have been examined. Competing 
models for the model structure test (the three-stage versus the two-stage versus 
the one-stage choice decision) and the model misspecification test (with Internet 
variables versus without Internet variables) have been considered. The 
comparison results so far suggest that the proposed decision model holds the most 
promise. More validity tests could be carried out, such as model forecasting 
accuracy with hold-out samples. These were not conducted in this study because 
of its small sample size.       
Structural Model. In this research, the Internet use decision is considered to be an 
external decision. Internet use is decided independently and prior to the 
consideration and choice decision. Although a non-reported analysis of the 
Internet use decision shows that the main driving factor of using the Internet in 
the vehicle shopping process is the overall proficiency and experience with the 
Internet, it is possible that online vehicle information searches partially derive 
from a consumer’s tendency to search and switch (that is, variety-seeking 
behavior). To rule out completely the self-selection explanation, it is 
recommended that a structural model with both the information search decision 
and the choice decision explicitly modeled as a system be constructed. In such a 
structural model, the information search decision is built to reflect the trade-off 
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between search time cost and the reduction in the expected consideration and 
choice uncertainty. The choice decision is to balance the information search and 
the processing costs (which depend on the information channel used) with the 
increase in overall utility.   
The potential benefit of building a structural model is to analyze the relationship 
between information search and choice behavior. However, the complexity of the 
model identification and the computational cost of the empirical estimation would 
also increase dramatically. In Chapter 3, we can see that the multi-stage choice 
decision model itself requires careful identification and a substantial estimation 
effort. Solving the complicated model identification problem and estimating the 
structural model with both online information search and choice decisions would 
be counted as a major methodological contribution.  
Market Impact. This research focuses on and builds a model of the Internet’s 
impact on the individual consumer choice decision. Increasing numbers of 
consumers use the Internet to assist in their product purchase decisions by 
searching product information online and negotiating or purchasing online. With 
the Internet’s increasing use in purchase-related activities, it is interesting to see 
the way in which the increasing presence of the Internet in the choice decision 
could cause market-level changes. The previous research has provided evidence 
that online price information may cause a lot of pressure on market prices and 
lower the average price in the long run. The potential to provide a complete view 
of online information’s impact on the market competition structure is worth 
 105 
exploring. To achieve this aim, the individual effect has to be aggregated into the 
market-level effect, and the market demand variation that is due to the level of 
Internet use then examined. Empirically, the market-level effects have to be 
estimated on longitudinal data with enough observations and variations in the 
population Internet use over time. The cross-sectional data used here are not 
suitable for market structure change analyses. Given enough data, it would be 
worthwhile to study the relationship between online vehicle information searches 
and automobile market competition change in the long run.    
Data. One major limitation of this research stems from incomplete data. The 
observation of a consumer’s consideration set membership makes the estimation 
of the three-stage decision model feasible. However, individual evaluations of 
vehicle attribute performance are lacking. In the empirical analyses, the 
population average attribute evaluation is used to interact with individual vehicle 
shopping characteristics to approximate the attribute preference of a consumer. 
To reduce the multicolinearity problem, attribute performance is further 
combined with the search attribute performance index and the experience 
attribute performance index. This compromise and simplification of the data 
structure is one of the main reasons for the poor model fitness and low prediction 
accuracy.  
Another data limitation is that, although information on the Web sites that are 
visited by a consumer is included, the detailed information that is browsed or 
searched online by that consumer during the vehicle shopping process is 
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unavailable. Among auto Web sites, manufacturer sites provide information on 
select vehicle models. By knowing which manufacturer sites are visited, the 
vehicle models that are searched can be inferred. In contrast, independent sites 
provide information on almost all of the vehicle models on the market. Without 
observation of the search content, it has to be assumed that if consumers search an 
independent site, then they search for information on all vehicle models. If the 
detailed information that was searched could have been observed, then a more 
accurate way of including the Internet usage effect in the model would have been 
possible. The validity and fitness of the model could be improved accordingly.  
It is usually difficult to obtain data on a consumer’s consideration and choice 
outcomes and observe the information that is searched. One way to conquer this 
data limitation is to collect experiment data. The evaluated products should be 
durable goods with both search and experience attributes important in the choice 
decision. The participants should be allowed to conduct product information 
searches in a natural setting, and the researcher should record their information 
search behavior and their consideration and choice outcomes.  
6.4 Conclusion 
All of the existing studies in Internet-related research focus on the impact of 
online price information on consumer choice. This thesis looks at the Internet’s 
impact with input from both online price and non-price information. It is 
important to obtain a full picture of the Internet’s effect on the consumer’s 
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decision process and outcome. This research provides a starting point for studies 
on the Internet’s influence on consumer choice and market competition.   
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Appendix I: Full Conditional 
Posterior Distributions  
 
1) 0 1( 1) 2( 1) 3( 1)| , ,t t tα − − −Σ Σ Σ  
0 2 1 2
0 *( 2 )( ) | ~ ( ) v M Jtrace Sα α χ− +Σ Σ  








 Σ = Σ 
 Σ 
, S  is the prior scale of 
Σ , v  is the prior degree of freedom of Σ , and  and M J  are the dimensions 
of vehicle category and model consideration respectively.  
2) 1*( ) 2 2*( 1) ( 1) 1( 1)| , , ,t t t ti i ic C c − − −Θ Σ  
To draw the unidentified category consideration utilities 1*ic , we first draw the 
identified utility vector 1*ic  and then rescale it with the working parameter 
(for details, see Imai and van Dyk 2005). Instead of directly sampling from 
the truncated multivariate normal distribution 
1* 1 1
~ ( , )ii ic TruncatedMVN XΘ Σ , we reiteratively draw from the truncated 
univariate normal distributions ( )1* 1* 2,| ~ ,im i m im imc c TN µ τ−  for all categories. 
Here 2 and im imµ τ  are the normal mean and variance for category m  
conditional on all the other categories (for details of how to derive the mean 
and variance of univariate normal distribution from multivariate normal 
distribution, see McCulloch and Rossi 1994). 
Start with 1m = , 
If 2 0ijj m C∈Σ > ,  draw ( ){ }1* 1* 2 1*,| ~ , ( 0)im i m im im imc c TN I cµ τ− ≥  from 
upper-truncated normal. That is, if there are vehicle models from category 
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m  being considered by consumer i , then draw the category utility from 
the area larger than zero.   
If 2 0ijj m C∈Σ = , we have to differentiate two conditions. If 
2*( 1) 0 for tijc j m− < ∀ ∈ , draw ( )1* 1* 2,| ~ ,im i m im imc c N µ τ− from non-truncated 
normal; otherwise draw ( ){ }1* 1* 2 1*,| ~ , ( 0)im i m im im imc c TN I cµ τ− < from 
lower-truncated normal.  
      Increment m  and return to top. 
Once draw 1*imc  for all categories, set 
1* 0 1*
i ic cα= . 
3) 2*( ) 2 1*( ) ( 1) 2( 1)| , , ,t t t ti i ic C c − −Θ Σ   
Same as drawing for the category utilities, we draw the alternative utilities 
reiteratively from truncated univariate normal distributions 
( )2* 2* 2,| ~ ,ij i j ij ijc c TN µ τ− . Since the alternatives from different categories are 
uncorrelated, the normal means and variances 2 and ij ijµ τ  are only 
conditional on the means and variances of alternatives from the same category. 
The truncation points of the alternative utility distributions also depend on the 
draws of the category utilities in step 2. 
For j∀  from m , 
If 1*( )( ) 0
t
im jc ≥ , that is the category m  which alternative j  belongs to is 
considered by consumer i , we draw 2*ijc  from truncated normal 
distribution with truncation point determined by the consideration 
outcome. If 2 1ijC = ,  draw ( ){ }2* 2* 2 2*,| ~ , ( 0)ij i j ij ij ijc c TN I cµ τ− ≥  from 
upper-truncated normal. However, if 2 0ijC = ,  draw 
( ){ }2* 2* 2 2*,| ~ , ( 0)ij i j ij ij ijc c TN I cµ τ− <  from lower-truncated normal.  
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If 1*( )( ) 0
t
im jc < , that is the category m  which alternative j  belongs to is 
not considered by consumer i , we then draw 2*ijc  from full distribution 
( )2* 2* 2,| ~ ,ij i j ij ijc c N µ τ−  since the utility bound has been taken care at the 
category consideration. 
      Increment j  and return to top. 
Once draw 2*ijc  for all alternatives, set 
2* 0 2*
i ic cα= . 
4) ( ) 2 3 ( 1) 3( 1)| , , ,t t ti i iu C C − −Θ Σ  
The choice utility follows truncated normal distribution.  
If 1,ijy =  draw iju  from upper-truncated normal distribution 
( ) ( ){ }( )2 2, , ( )| ~ , max( , ( ) which 1)u uij i j ij ij ij i j i ju u TN I u u j Cµ τ− − −> ∀ − = . 
If 0,ijy =  draw 
( ) ( ){ }( )2 2,| ~ ,  where ( 1 & 1)u uij i j ij ij ij ik ik iku u TN I u u y Cµ τ− < = = . 
Once draw iju  for all alternatives, then set 
0
i iu uα= . 
5) ( ) ( ) 1*( ) 2*( ) ( ) 1( 1) 2( 1) 3( 1), | , , , , ,t t t t t t t ti i ic c uα − − −Θ Σ Σ Σ     
First draw 2 ( )( ) tα  from  
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Draw ( )tΣ  from inverse Wishart distribution 
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Table 4.5: Statistics on Consumer Demographics – Total Replacement Sample 










Sites Only Both Sites 
  % % % % % % 
Gender (20203)1 (7923) (12280) (2664) (1240) (7451) 
Male 59.64  58.13  60.62  59.42  57.74  62.86  
Female 40.36  41.87  39.38  40.58  42.26  37.14  
       
Marital Status (18232) (7106) (11126) (2367) (1110) (6820) 
Married 71.33  69.98  72.19  75.33  71.62  71.76  
Single 14.42  11.74  16.13  11.41  16.76  18.06  
Widowed 4.01  7.08  2.06  3.13  1.44  1.32  
Divorced 10.23  11.20  9.62  10.14  10.18  8.86  
       
Race (19826) (7797) (12029) (2610) (1224) (7299) 
White 90.28  91.34  89.59  88.93  91.26  89.70  
Black 3.19  3.60  2.92  3.26  2.12  2.63  
Asian 2.56  1.39  3.33  3.75  1.88  3.51  
Hispanic 2.84  2.62  2.99  3.03  3.02  3.03  
Other Race 1.12  1.05  1.17  1.03  1.72  1.14  
       
Age (19938) (7824) (12114) (2623) (1221) (7368) 
<25 4.00  3.32  4.43  3.58  4.67  4.72  
25-34 15.66  9.75  19.47  14.87  18.43  22.37  
35-44 21.23  14.70  25.45  21.54  26.04  27.39  
45-54 24.39  21.55  26.23  25.85  27.27  26.28  
55-64 18.12  21.87  15.70  19.90  16.22  13.69  
65 and above 16.60  28.81  8.72  14.26  7.37  5.55  
       
Income (17826) (6889) (10937) (2356) (1097) (6704) 
Less Than 40K 15.22  22.79  10.45  11.38  11.30  9.10  
40K TO 70K 27.11  30.40  25.03  25.72  24.70  24.63  
70K TO 100K 22.52  19.64  24.34  24.49  22.06  24.66  
100K TO 175K 23.10  17.19  26.82  25.30  25.52  28.39  
Above 175K 12.06  9.99  13.36  13.12  16.41  13.23  
       
Education (20187) (7903) (12284) (2653) (1249) (7458) 
No College 21.26  31.89  14.42  17.08  15.77  12.15  
College and Above 78.74  68.11  85.58  82.92  84.23  87.85  
Note 1: The numbers in parentheses are the valid samples for the below group of statistics. 
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Table 4.6: Statistics on Consumer Demographics – Luxury Car Sample 













  % % % % % % 
Gender (2803)1 (1193) (1610) (336) (200) (968) 
Male 67.29  63.96  69.75  68.75  66.00  72.62  
Female 32.71  36.04  30.25  31.25  34.00  27.38  
       
Marital Status (2510) (1064) (1446) (300) (184) (867) 
Married 77.89  76.97  78.56  82.67  76.63  78.78  
Single 8.76  6.39  10.51  6.67  8.70  12.46  
Widowed 4.98  7.99  2.77  2.33  3.26  1.73  
Divorced 8.37  8.65  8.16  8.33  11.41  7.04  
       
Race (2743) (1173) (1570) (328) (195) (944) 
White 90.38  92.50  88.79  88.11  91.28  88.88  
Black 4.19  4.01  4.33  4.88  2.56  3.81  
Asian 2.88  1.71  3.76  4.57  3.08  3.81  
Hispanic 1.71  1.11  2.17  2.13  1.03  2.44  
Other Race 0.84  0.68  0.96  0.30  2.05  1.06  
       
Age (2747) (1168) (1579) (328) (195) (954) 
<25 0.87  0.43  1.20  0.91  1.03  1.26  
25-34 7.68  2.91  11.21  5.79  9.23  14.05  
35-44 15.00  7.28  20.71  16.16  20.00  23.06  
45-54 23.59  17.55  28.06  21.34  35.90  29.14  
55-64 24.75  27.48  22.74  25.30  22.05  21.80  
65 and above 28.10  44.35  16.09  30.49  11.79  10.69  
       
Income (2396) (998) (1398) (283) (175) (855) 
Less Than 40K 3.26  5.11  1.93  2.12  2.29  1.64  
40K TO 70K 11.77  15.83  8.87  9.19  6.86  8.89  
70K TO 100K 15.53  16.13  15.09  15.55  13.14  15.79  
100K TO 175K 33.51  29.96  36.05  36.40  33.71  36.84  
Above 175K 35.93  32.97  38.05  36.75  44.00  36.84  
       
Education (2802) (1191) (1611) (335) (202) (967) 
No College 12.28  19.65  6.83  8.36  7.43  5.58  
College and Above 87.72  80.35  93.17  91.64  92.57  94.42  





Table 4.10: Vehicle Attribute Summary Statistics 
  All Models  Luxury Car Models 
  No. of Models Mean Std.  No. of Models Mean Std. 
Objective Evaluation Price (in US$) 236 30775 16543  45 45863  17470  
 Displacement (in liters) 234 3.11  1.15   45 3.40  0.87  
         
Subjective Evaluation* Mechanical Quality 229 3.07  0.95   43 3.86  0.89  
 Body and Interior 229 3.09  0.94   43 3.33  1.11  
 Feature and Accessories 229 3.10  0.93   43 3.70  1.06  
 Performance 232 3.08  0.93   43 4.19  0.55  
 Comfort 232 3.10  0.94   43 3.63  0.62  
 Style 232 3.16  0.99   43 2.60  0.62  
 Overall Reliability 215 3.29  0.97   40 3.20  0.94  
  Service Quality 236 3.20  0.79   45 3.89  0.78  
Note: Subjective Evaluation Scale 
       
2 Those that need to improve 
      
3 Those that are about average 
      
4 Those that are slightly above industry average 
     
5 Much better than average 




















People often ask me for advice about what 
car to buy 
0.634 0.171 0.093  0.028  -0.223 0.047  0.126  
Compared to most people, I am a very good 
negotiator 
0.630 0.119 0.358  0.137  0.045 0.038  -0.191  
I actually enjoy negotiating with dealers 0.563 0.084 0.206  0.507  -0.013 -0.044 -0.056  
I enjoy reading enthusiast magazines about 
cars and trucks 
0.486 0.220 -0.052  0.010  -0.345 0.112  0.275  
I feel more comfortable if a friend or relative 
is there when I buy a vehicle 
-0.627 0.250 0.294  0.093  -0.095 -0.052 0.060  
I want a vehicle that stands out from the 
crowd 
0.152 0.857 0.008  -0.026 0.013 -0.002 0.009  
What you drive says a lot about you 0.077 0.825 0.047  0.043  -0.003 0.013  -0.066  
I chose my model because I fell in love with 
it, not because I needed it 
-0.115 0.516 0.024  0.164  -0.020 0.258  0.266  
I like driving on challenging roads 0.428 0.454 -0.075  -0.152 -0.118 -0.012 0.262  
I will shop as many dealers as it takes to get 
the absolute lowest price 
-0.002 0.040 0.751  -0.007 -0.290 -0.020 -0.047  
Getting the lowest price is more important to 
me than finding a dealer that provides 
friendly customer service 
0.141 -0.003 0.687  -0.171 0.158 0.068  -0.020  
I would gladly travel another 50 miles to buy 
from a dealer that could save me an 
additional $300 
-0.021 -0.006 0.656  0.034  -0.174 0.027  0.173  
Most dealers try very hard to make sure their 
customers are happy 
-0.047 -0.002 -0.038  0.741  0.041 0.079  0.089  
I always enjoy shopping for a vehicle 0.377 0.201 0.083  0.589  -0.201 -0.010 0.115  
Most car salespeople will lie to make a sale 0.043 0.071 0.353  -0.570 -0.168 0.001  0.047  
I spend very little time shopping for a vehicle -0.020 0.021 -0.078  -0.030 0.800 0.140  0.116  
I spend many hours researching before I 
visit dealer 
0.173 0.011 0.223  -0.090 -0.704 0.088  0.029  
I knew the model I wanted even before I 
went shopping 
0.074 0.034 0.029  0.029  0.104 0.814  -0.031  
I wouldn't have purchased any vehicle if my 
model wasn't available 
0.033 0.065 0.034  0.026  -0.067 0.804  0.027  
I will tolerate some problems if I get the 
performance I want 
-0.008 0.076 0.094  0.137  0.028 0.096  0.663  
Domestic and Asian vehicles have about 
equal quality 
0.007 -0.123 0.184  0.090  0.268 -0.095 0.496  
To me, safety is more important then styling -0.092 -0.152 0.193  0.166  0.142 0.059  -0.425  
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Table 5.2: Competing Models – Decision Structure  
  3-Stage Model  2-Stage Model  1-Stage Model 
    Estimates Std.  Estimates Std.  Estimates Std. 
Category Consideration         
 Replace 8.14  3.18        
 Replace*Satisfaction 1.20  0.32        
 Ownership 3.55  0.58        
  Loyalty -0.40  0.12            
 Internet_Am 9.49  3.91        
 Internet_Eu -8.67  1.86        
 Internet_As -5.43  4.11        
 Internet*NonRepAm -6.42  3.78        
 Internet*NonRepEu 11.87  2.29        
 Internet*NonRepAs 9.41  3.47        
 Time Sensitivity -0.47  0.11        
Model Consideration 
  
      
 Replace -0.17  0.24   0.13  0.29     
 Replace*Satisfaction 0.22  0.03   0.26  0.06     
 Ownership 0.55  0.08   0.78  0.20     
  Loyalty -0.07  0.01   -0.10  0.03       
 IndSite_M1 -0.04  0.29   -0.16  0.39     
 IndSite_M2 -0.26  0.28   -0.47  0.30     
 IndSite_M3 -0.54  0.49   -1.04  0.47     
 IndSite_M4 -1.44  0.46   -1.84  0.46     
 IndSite_M5 -0.71  0.56   -0.85  0.59     
 IndSite_M6 -0.28  0.27   -0.50  0.30     
 IndSite_M7 1.04  1.64   1.57  2.73     
 IndSite_M8 0.26  0.63   0.29  0.73     
 IndSite_M9 -1.34  0.40   -1.64  0.39     
 IndSite_M10 -0.43  0.38   -0.67  0.41     
 IndSite_M11 -0.38  0.31   -0.53  0.29     
 IndSite*NonRepM1 0.23  0.30   0.35  0.39     
 IndSite*NonRepM2 0.50  0.27   0.71  0.30     
 IndSite*NonRepM3 0.78  0.45   1.26  0.50     
 IndSite*NonRepM4 1.50  0.46   1.83  0.46     
 IndSite*NonRepM5 1.07  0.52   1.20  0.61     
 IndSite*NonRepM6 0.61  0.24   0.76  0.32     
 IndSite*NonRepM7 -0.78  1.63   -0.30  2.71     
 IndSite*NonRepM8 0.07  0.64   0.01  0.72     
 IndSite*NonRepM9 1.53  0.43   1.68  0.39     
 IndSite*NonRepM10 0.66  0.37   0.75  0.40     
 IndSite*NonRepM11 0.73  0.27   0.63  0.29     
 ManuSite 1.30  0.10   1.66  0.38     
 Time Sensitivity -0.05  0.01   -0.06  0.02     
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Table 5.2 (Cont’d): Competing Models – Decision Structure  
  3-Stage Model  2-Stage Model  1-Stage Model 
    Estimates Std.  Estimates Std.  Estimates Std. 
All Stages           
Price     
  
   
 Vehicle Expert 0.02  0.01   0.02  0.01   0.01  0.01  
 Style Lover 0.04  0.01   0.06  0.02   0.05  0.02  
 Price Sensitive -0.01  0.01   -0.02  0.01   -0.03  0.01  
 Dealer Friendly 0.02  0.01   0.02  0.01   -0.01  0.01  
 Weak Preference 0.00  0.01   0.00  0.01   0.00  0.01  
Search Attributes       
  
 Vehicle Expert 0.03  0.02   0.03  0.02   0.06  0.02  
 Style Lover -0.01  0.02   -0.01  0.02   -0.04  0.02  
 Price Sensitive 0.01  0.02   0.02  0.02   -0.01  0.02  
 Dealer Friendly 0.00  0.02   -0.02  0.02   0.00  0.02  







 Vehicle Expert -0.05  0.03   -0.06  0.03   -0.12  0.06  
 Style Lover -0.04  0.03   -0.06  0.03   0.03  0.05  
 Price Sensitive 0.01  0.03   0.00  0.03   0.13  0.06  
 Dealer Friendly -0.02  0.02   -0.01  0.03   0.09  0.05  
  Weak Preference 0.03  0.03   0.04  0.03   -0.06  0.05  
  - Log Likelihood 9166     12439     20511    
Note: Estimates not reported in the table include nine interaction terms of category-specific constants 
and demographics, 33 interaction terms of make-specific constants and demographics, and 21 
model-specific constants. 



















Table 5.5: Competing Models – Internet vs. No Internet 
  Internet Model  No Internet Model 
    Estimates Std.  Estimates Std. 
Category Consideration      
 Replaced Category 8.14  3.18   2.99 7.37 
 Replacement*Sat 1.20  0.32   6.94 1.20 
 Owned Category 3.55  0.58   17.00 2.83 
  Loyalty -0.40  0.12   -1.37 0.63 
 Internet_Am 9.49  3.91     
 Internet_Eu -8.67  1.86     
 Internet_As -5.43  4.11     
 Internet_Am*NonAm -6.42  3.78     
 Internet_Eu*NonEu 11.87  2.29     
 Internet_As*NonAs 9.41  3.47     
 Time Sensitivity -0.47  0.11   -2.28 0.72 
Model Consideration 
  
   
 Replaced Model -0.17  0.24   -0.24 0.30 
 Replacement*Sat 0.22  0.03   0.27 0.04 
 Owned Model 0.55  0.08   0.85 0.11 
  Loyalty -0.07  0.01   -0.14 0.01 
 IndSite_M1 -0.04  0.29     
 IndSite_M2 -0.26  0.28     
 IndSite_M3 -0.54  0.49     
 IndSite_M4 -1.44  0.46     
 IndSite_M5 -0.71  0.56     
 IndSite_M6 -0.28  0.27     
 IndSite_M7 1.04  1.64     
 IndSite_M8 0.26  0.63     
 IndSite_M9 -1.34  0.40     
 IndSite_M10 -0.43  0.38     
 IndSite_M11 -0.38  0.31     
 IndSite_M1*NonM1 0.23  0.30     
 IndSite_M2*NonM2 0.50  0.27     
 IndSite_M3*NonM3 0.78  0.45     
 IndSite_M4*NonM4 1.50  0.46     
 IndSite_M5*NonM5 1.07  0.52     
 IndSite_M6*NonM6 0.61  0.24     
 IndSite_M7*NonM7 -0.78  1.63     
 IndSite_M8*NonM8 0.07  0.64     
 IndSite_M9*NonM9 1.53  0.43     
 IndSite_M10*NonM10 0.66  0.37     
 IndSite_M11*NonM11 0.73  0.27     
 Manufacturer Site 1.30  0.10     
 Time Sensitivity -0.05  0.01   -0.11 0.02 
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Table 5.5 (Cont’d): Competing Models – Internet vs. No Internet 
  Internet Model  No Internet Model 
    Estimates Std.  Estimates Std. 
All Stages         
Price     
  
 Vehicle Expert 0.02  0.01   0.03 0.01 
 Style Lover 0.04  0.01   0.07 0.01 
 Price Sensitive -0.01  0.01   0.00 0.01 
 Dealer Friendly 0.02  0.01   0.02 0.01 
 Weak Preference 0.00  0.01   -0.02 0.01 
Search Attributes    
 
 
 Vehicle Expert 0.03  0.02   0.08 0.03 
 Style Lover -0.01  0.02   -0.04 0.03 
 Price Sensitive 0.01  0.02   0.02 0.02 
 Dealer Friendly 0.00  0.02   -0.02 0.03 





 Vehicle Expert -0.05  0.03   -0.11 0.04 
 Style Lover -0.04  0.03   -0.04 0.03 
 Price Sensitive 0.01  0.03   -0.02 0.03 
 Dealer Friendly -0.02  0.02   -0.01 0.04 
  Weak Preference 0.03  0.03   0.08 0.03 
  - Log Likelihood 9166     10677    
Note: Estimates not reported in the table include nine interaction terms of 
category-specific constants and demographics, 33 interaction terms of make-specific 
constants and demographics, and 21 model-specific constants. 
Estimates in Bold font are statistically significant parameters. 
 
 
 
 
 
 
 
 
